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ABSTRACT 
 
Calling Campus Police:  
A Test of Procedural Justice and Unresponsive Bystander Models  
by 
Michael F. Aiello 
 
Advisor: Brian Lawton 
This dissertation focuses on the phenomenon of campus crime reporting, specifically 
students’ self-reported likelihood of reporting a petty theft, aggravated assault, indecent 
exposure, or gun possession incident to the college public safety department, municipal 
police, and a member of the library staff. This project tests two different social 
psychology models that predict indirect bystander intervention, or a third party relying on 
another third party to assist someone in need. The survey vignette design involves 
experimental manipulation of several situational variables in line with the ‘unresponsive 
bystander’ model (Latané & Darley, 1970) and subsequent scholarship. The procedural 
justice model (Tyler & Blader, 2003) focuses on how the process rather than the outcome 
of law enforcement-citizen encounters influences future cooperation. I extend this theory 
and empirical scholarship to the institution of campus policing. Undergraduate 
respondents (n = 554) indicated that the most powerful influences on their hypothetical 
reporting behaviors were situational factors, specifically the severity of the witnessed 
crime scenario, with anonymity and bystander group size non-significant. In addition, the 
procedural justice model receives strong support from this empirical evaluation. General 
procedural justice ratings serve as a significant predictor of evaluations of campus police 
legitimacy. In turn, legitimacy ratings are a significant predictor of reporting willingness, 
controlling for distributive justice. Extension of the procedural justice model to the 
campus police context indicates that in addition to procedural justice ratings, 
undergraduates view the crime-fighting effectiveness of the campus police as a key 
influence on their evaluation of campus police legitimacy. As several prior procedural 
justice studies controlled for instrumental variables such as police effectiveness or 
performance, this represents an area for future exploration and theorization.
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I. INTRODUCTION 
 Events such as the Virginia Tech attack in 2007, where Seung-Hui Cho killed 32 
individuals, provide an incredibly potent reminder of the fact that campuses are not 
immune to crime, and potentially provide a devastating confluence of risk variables 
(Hauser & O’Connor, 2007). The 508 campus police departments with 10,916 full-time 
sworn personnel tasked with serving and protecting four-year colleges and universities 
represent a crucial but understudied institution of American policing (Reaves, 2011). 
While the relative size of campus policing is diminutive when compared to sheriff 
departments and city police agencies, campus police departments have an important role 
to play in undergraduate students’ experiences of criminal justice. College student 
perceptions of the effectiveness and relevance of bureaucracies in crime contexts may 
flow from experiences with campus police. When a crime occurs on campus, how will 
students respond? What are the most important influences on their choice to report a 
campus crime? 
 Scholars operating in the field of bystander intervention research try to understand 
what influences third parties in terms of their willingness to report crimes to various 
authorities and assist those in need. Bystander intervention research runs the gamut from 
controlled laboratory experiments examining the impact of various configurations of 
bystanders (see Fischer et al., 2011 for a recent meta-analytic perspective) to assessment 
of more naturalistic contexts through secondary data concerning victimization (e.g., 
Planty, 2002). According to Hart and Miethe (2008), relying on National Crime 
Victimization Survey (NCVS) data from 1995-2004, “A bystander was present in nearly 
two-thirds (65%) of the violent victimizations…presence was most common in cases of 
	   2	  
physical assaults (68%) and less likely in robberies (49%) and sexual assaults (28%)” (p. 
641). Focusing on NCVS data from 1995-2005, Hart and Miethe (2011) found a 
bystander was present in 72.3% of violent victimizations of college students (p. 164). The 
overwhelming likelihood that a third-party will be present during a violent victimization, 
within and outside the college context, makes the study of bystander intervention 
essential.  
 Researchers in the bystander intervention literatures use a variety of explanatory 
variables to predict how third-parties will behave. In this dissertation, I explore and 
evaluate the relative merits of three schools of thought: situational factors, bystander 
background factors, and reporter-agency factors. Starting with the situational perspective, 
I provide another test of a dominant theory in bystander intervention research, the 
unresponsive bystander model (Latané & Darley, 1970). The unresponsive bystander 
model focuses on how situational factors such as the number of bystanders, anonymity on 
the part of the bystander, and the actions of other bystanders influence the relative 
likelihood of a range of helping responses, from calling to the police to directly stopping 
a perpetrator. I also explore how a variety of bystander characteristics influence 
likelihood to intervene, from physical size to experience in medical, police, and military 
occupations. Lastly, I test the influence of the relationship between the bystander and the 
institution of the campus police. Tom Tyler’s (1989) procedural justice theory focuses on 
how the process rather than the outcome of encounters between the police and citizens 
influences the likelihood that citizens will rely on police authority in the future. My 
research addresses a gap in the procedural justice scholarship by applying this theory to 
campus policing. Another important gap that this study addresses is the evaluation of the 
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relative merits of the three groups of explanations for predicting third-party campus 
reporting. Ultimately, this project will serve to further the research community’s and 
policy makers’ understanding of factors that predict the willingness of a witness to 
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II. LITERATURE REVIEW 
Community Crime Prevention  
 Skogan (1990) connected the modern phenomenon of community crime 
prevention, or citizen participation in efforts to assist the police and dissuade criminals, to 
a late 1970s climate of slashed government budgets and a body of experimental evidence 
against the logic of simply expanding the size of police forces (p. 125). While this 
dissertation relies upon an individual lens and unit of analysis in concert with the social 
psychological origins of bystander intervention research, community crime prevention is 
a relevant research area for this study as it involves collective third-party intervention. 
While considerable overlap exists between bystander intervention research and 
community crime prevention scholarship, an important distinction requires emphasis. 
Specifically, community crime prevention involves an official and consistent partnership 
with the formal social control institutions of the state, typically the police (Pattavina et 
al., 2006; Rosenbaum, 1988), while bystander intervention denotes ad-hoc responses 
from individuals to witnessed crimes that may or may not involve contacting law 
enforcement (e.g., Harari, Harari, & White, 1985; Schwartz & Gottlieb, 1976).  
 Many researchers examined the patterns of citizen patrol programs (Garofalo & 
McLeod, 1989; Gelders, Brans, Maesschalck, & Colsoul, 2010; Sharp, Atherton, & 
Williams, 2008), the impact of community crime prevention programs on crime (Bennett, 
Holloway, & Farrington, 2006; Bennett & Lavrakas, 1989; Fowler & Mangione, 1986; 
Lindsay & McGillis, 1986; Rosenbaum, Lewis, & Grant, 1986; Schneider, 1986; Smith, 
Novak, & Hurley, 1997), or even knowledge of community crime prevention programs 
(Skogan, 1989) rather than actual or hypothetical participation. However, a few research 
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studies did examine participation in citizen crime prevention. Lavrakas and Herz (1982) 
found within the loose timeline of the “last couple of years” (p. 483), that around 8% of 
sampled Chicago-area residents attended a crime prevention meeting, 4% bought crime-
alarm whistles, 4% participated in surveillance programs, and less than 3% participated in 
a citizen patrol (p. 490). They discovered men were more likely to participate than 
women in all but a whistle-based crime prevention program, and found men represented 
almost 70% of participants in the patrol/escort based programs (p. 490). Age had a 
curvilinear relationship to participation, with adults in their 30s and 40s representing the 
largest age group (p. 491). Pattavina et al. (2006) provided a contemporary examination 
of factors that may influence citizen crime prevention, finding 39% of their sample of 
2,362 Boston residents took action to prevent crime, attended public safety meetings, or 
belonged to a Neighborhood Watch group (p. 217). Pattavina et al. found victimization in 
the past year and minority status predicted involvement, with gender representing a non-
significant variable (p. 222). While this sociologically based research is invaluable for 
discovering potentially relevant control variables, the vast body of social psychological 
scholarship concerning individual responses to crime contexts is even more significant.  
Bystander Intervention  
 I define bystander intervention as action by individuals who represent neither 
victims nor offenders in the specific crime context attempting to help a victim, stop an 
offender, and/or assist law enforcement. Bystander intervention research is not entirely 
dominated by the unresponsive bystander perspective (Latané & Darley, 1970). Some 
researchers relied on self-categorization theory (Turner, Hogg, Oakes, Reicher, & 
Wetherell, 1987), or the study of how people understanding themselves and others as ‘in-
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group’ or ‘out-group’ influences behavior, to predict individual responses to someone in 
need (e.g., Levine, Cassidy, Brazier, & Reicher, 2002; Levine & Crowther, 2008). Other 
researchers used sex-role orientation, the relative personal emphasis on traditional 
masculinity or femininity, to determine emergency assistance likelihood (e.g., Tice & 
Baumeister, 1985). Despite these other theoretical perspectives addressing the topic of 
bystander intervention, the unresponsive bystander perspective is undoubtedly a 
dominant theoretical model. Outlined by Latané and Darley in The Unresponsive 
Bystander: Why Doesn’t He Help? (1970), this theory garnered dozens of experimental 
examinations as well as survey studies. In fact, this body of research is so substantial that 
it warranted two separate meta-analyses (Latané & Nida, 1981; Fischer et al., 2011). In 
one of the most recent discussions of the unresponsive bystander perspective, Fischer et 
al. (2011) outlined Latané and Darley’s decision-making sequence: “For intervention to 
occur, the bystander needs to (1) notice a critical situation, (2) construe the situation as an 
emergency, (3) develop a feeling of personal responsibility, (4) believe that he or she has 
the skills necessary to succeed, and (5) reach a conscious decision to help” (p. 518). 
However, the obstacles to the decision to assist are numerous: 
The first process is diffusion of responsibility, which refers to the tendency to 
subjectively divide the personal responsibility to help by the number (N) of 
bystanders…The second process is evaluation apprehension, which refers to the 
fear of being judged by others when acting publicly. In other words, individuals 
fear to make mistakes or act inadequately when they feel observed, which makes 
them more reluctant to intervene in critical situations. The third process is 
pluralistic ignorance, which results from the tendency to rely on the overt 
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reactions of others when defining an ambiguous situation. A maximum bystander 
effect occurs when no one intervenes because everyone believes that no one else 
perceives an emergency. (p. 518) 
I derive two independent variables from the processes outlined above, and will discuss 
each in separate sections below.  
 Group size and bystander intervention experiments. The first research 
question of this project focuses on the traditional ‘bystander effect,’ or the influence of 
group size on reporting likelihood. The group size independent variable applies to all of 
the inhibitory processes theorized by Latané and Darley (1970). This includes diffusion 
of responsibility in reference to additional bystanders reducing the personal feeling of 
obligation in the situation, evaluation apprehension in terms of the experience of being 
judged when in a group, and pluralistic ignorance in relation to looking to others for the 
proper course of action while everyone else does the same; all should result in decreased 
helping in a group condition versus a solo condition. Following a pattern in social 
psychology where researchers create a theory to explain a terrible event or atrocity [as 
with Stanley Milgram’s obedience to authority research (1963) attempting to explain 
German citizens’ behavior during the Holocaust], the study of the impact of group size is 
most commonly linked to the murder of Catherine ‘Kitty’ Genovese. Although the 
original New York Times article provided some potential exaggeration of events, the 
modern consensus is Ms. Genovese was raped and killed over the course of two attacks 
and none of the several witnesses to the events successfully provided indirect or direct 
help (Rasenberger, 2006), despite one shouting for the offender to stop and two calling 
the police (Lehmann, 2014). This line of research initially attempted to undermine the 
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view of modern humanity as callous and indifferent to the suffering of others by 
exploring the contextual variables that influenced intervention (Darley & Latané, 1968).  
 In Schwartz and Gottlieb’s (1976) work, the group size independent variable had 
a statistically significant impact on intervention rates in a robbery context, with 92% of 
alone individuals intervening vs. 45% of individuals in a condition where the six 
bystanders were aware of one another (p. 1193). In a subsequent publication, Schwartz 
and Gottlieb (1980) found that an additional bystander inhibited response speed for 
undergraduate students witnessing a staged robbery. The first major meta-analysis of the 
bystander effect, by Latané and Nida (1981), provided a very stark contrast between the 
sole bystander and the bystander group. Across the 56 studies included in Latané and 
Nida’s meta-analysis, “about 75% of people tested alone helped, but fewer than 53% of 
those tested with others did so” producing a statistically significant p-value (p. 321). The 
authors examined the impact of additional bystanders across various research contexts, 
concluding:  
With very few exceptions, individuals faced with a sudden need for action exhibit 
a markedly reduced likelihood of response if other people are or are believed to be 
available to act. It is clear that the social inhibition of helping occurs in both 
laboratory and field settings using a wide variety of emergencies designed by a 
multitude of independent researchers. It is indeed a robust social psychological 
phenomenon, perhaps as thoroughly replicated and documented as any in our 
field. (p. 321) 
Latané and Nida’s meta-analysis solidified the importance of attending to how the size of 
the bystander group can impact a myriad of potential outcomes.  
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 Following several decades of further research on the impact of bystander group 
size on helping, and armed with more complicated analyses of the bystander effect, 
Fischer et al. (2011) argued a new comprehensive review of the literature was necessary. 
Fischer et al. found more contemporary support for the bystander effect, with the 
“weighted mean effect size (point estimate) for the help-reducing bystander effect over 
105 independent samples and more than 7,700 participants was –0.35 for the fixed effects 
model” with p < .001 (p. 523). Importantly, significant differences were found between 
solo bystanders and groups of 3 and larger, but not between individuals and two-person 
groups (p. 529). In reference to this overwhelming empirical relationship and Latané and 
Darley’s (1970) three obstacles to intervention, I hypothesize that survey respondents in 
the group conditions will be less likely to report they would intervene than those in the 
solo conditions.  
 Anonymity and bystander intervention experiments. The second research 
question of this project concerns the impact of anonymity on bystander intervention 
likelihood. The anonymity independent variable relates to one of the obstacles to helping 
theorized by Latané and Darley (1970), evaluation apprehension, in terms of being able 
to avoid social judgment when remaining unknown to others. Several researchers have 
addressed this particular independent variable and its power to influence crime reporting 
as well as personal intervention, finding wildly different results. Bickman and Helwig 
(1979), studying grocery store customers and their responses to a staged shoplifting, 
found that anonymity was not a significant predictor of intervention. In contrast to Latané 
and Darley’s model, Schwartz and Gottlieb (1976) found lack of anonymity on the part of 
undergraduate participants actually increased intervention in a staged robbery (74% vs. 
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39%, p < .01) (p. 1194). In a following publication, Schwartz and Gottlieb (1980) 
discovered anonymity to the victim did not influence the rate or speed of providing 
assistance among college bystanders in a robbery while anonymity to fellow bystanders 
slowed response times (pp. 422-423). As a result of these mixed findings for the impact 
of anonymity in reference to Latané and Darley’s barrier of evaluation apprehension, I 
hypothesize that anonymity will not significantly impact hypothetical intervention in the 
survey.   
 Crime type and bystander intervention experiments. The third and fourth 
research questions of this project focus on the impact of the type of crime context on 
bystander intervention and the relationship between group size and bystander 
intervention. While crime type is not a variable directly tied to any of the inhibitory 
processes in Latané and Darley’s (1970) model, subsequent researchers noticed a 
decreased impact of group size on helping behavior in serious emergencies and crimes. 
The general pattern in the broader bystander intervention literature is that the larger the 
threat to a victim, the more likely a bystander is to intervene. In DeJong, Marber and 
Shaver (1980), 30% of college students intervened in a theft (p. 116). Providing much 
higher rates of intervention, Moriarty (1975) discovered 58% of beach-goers and 56% of 
diner patrons directly intervened to stop a theft (pp. 373-374) while Schwarz, Jennings, 
Petrillo, and Kidd (1980) found 67% of students stopped a theft (p. 188). With a much 
more serious crime context, Schwartz and Gottlieb (1976) found 75% of Israeli 
undergraduates intervened in a staged robbery, either indirectly intervening by alerting 
the researchers or attempting to enter the victim’s room (p. 1192). In a later study, 
Schwartz and Gottlieb (1980) found 89% of undergraduate bystanders either called the 
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experimenter or tried to help the victim (p. 421). Nicksa (2014) found that a physical 
assault condition provided the highest reported likelihood of hypothetically intervening in 
relation to a theft and an ambiguous sexual assault (p. 226). In response to these earlier 
findings, I hypothesize that respondents presented with the more serious crime types of 
physical assault, indecent exposure, and weapon possession on a college campus will be 
more likely to state they would intervene than subjects presented with the petty larceny 
condition. While the general pattern towards increased reporting likelihood with more 
substantial threats to victims is important for this study, the moderation of the 
relationship between group size and intervention is also of interest.  
 Harari, Harari and White (1985) provided an incredibly unique (and ethically 
problematic) study of the reactions of a sample of undergraduate males to a staged rape 
with natural groupings of individuals, finding “in the group condition, 34 subjects (85%) 
intervened, and 6 (15%) chose not to intervene. In the individual condition, 26 subjects 
(65%) intervened, and 14 (35%) did not” (p. 656). This finding, which contrasts with 
Latané and Darley’s (1970) model and Latané and Nida’s (1981) meta-analysis of group 
size and bystander helping, demonstrates how the level of danger offered by a scenario 
may moderate or even reverse the direction of the impact of group size on helping. 
Fischer et al. (2011) also noted situational danger appeared to disrupt the bystander effect 
(p. 520). The authors discussed several potential explanations for the mitigation of the 
bystander effect in dangerous contexts, including increased nervous system arousal, 
decreased ambiguity of the need for help, reduced fear due to the amount of potential 
helpers, and rational choice calculations which weigh the need for help versus the risk to 
the individual bystander (pp. 520-521). Fischer et al. found non-emergency contexts 
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produced the largest bystander effect in relation to dangerous emergencies and situations 
involving a perpetrator (p. 523). As a result of these findings, I hypothesize that in the 
survey conditions involving serious potential or actual injury (indecent exposure, 
physical assault, and weapon possession on campus), that the impact of the group size 
variable will be reduced compared to the condition involving little harm (petty larceny).  
 Bystander training and physical size. The body of experimental data and meta-
analyses of the bystander effect were incredibly important for forming some of the 
hypotheses of this dissertation. In addition to the tests of the unresponsive bystander 
model (Latané & Darley, 1970) in an experimental context, several researchers 
investigated the model by prompting respondents to consider various contexts for 
bystander intervention. One major benefit of the survey is the ability to enquire about 
topics and scenarios that would be difficult or unethical to study with an experimental 
approach (Nicksa, 2014). While some experimental studies have explored very sensitive 
crime types (Harari et al., 1985), most bystander intervention experiments involve non-
criminal events such as a confederate falling off a chair (Becker-Haven & Lindskold, 
1978), a seizure (Darley & Latané, 1968), a maintenance accident (Cramer, Mcmaster, 
Bartell, & Dragna, 1988; Rutkowski, Gruder, & Romer, 1983) verbal aggression between 
confederates (Levine & Crowther, 2008), or choking (Pantin & Carver, 1982; Tice & 
Baumeister, 1985). Despite non-criminal intervention contexts representing the norm, 
several other experimental researchers have investigated staged crimes including 
shoplifting (Bickman & Rosenbaum, 1977), theft on a college campus (Austin, 1979), 
and filmed staged assault (Fischer, Greitemeyer, Pollozek, & Frey, 2006; Levine et al., 
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2002; Levine & Crowther, 2008). Bickman and Helwig (1979) provided a unique view 
into the connection between hypothetical intention and action in bystander intervention: 
The correlation between the stated intention of the participant in terms of 
shoplifting and the actual reporting behavior was significant (p < .003, r = -.30) 
Subjects who stated they would report a shoplifting if they saw one were more 
likely to do so in the situation. A crosstabulation of reporting behavior with the 
subject's behavioral intention revealed that 78% of the subjects who had indicated 
on the survey that they probably or definitely would report, did report; while 46% 
of the subjects who indicated that they would not report, did not report. (p. 291) 
Bickman and Helwig’s discussion of the predictive criterion validity (Kraska & Neuman, 
2010) of hypothetical shoplifting intervention provides support for the continued use of 
the survey approach in this research area.  
 The body of survey research discussed below spurred the fifth and sixth research 
questions, one concerning bystander knowledge and the other concerning bystander size. 
As with the crime context independent variable, I did not derive these research questions 
from the original unresponsive bystander model (Latané & Darley, 1970) but from 
subsequent research in the larger field of bystander intervention. Offering a unique post-
hoc view into the phenomenon of bystander intervention, Huston, Ruggiero, Conner, and 
Geis (1981) interviewed 32 individuals who intervened in various serious crimes, using a 
list of individuals who filed a compensation claim under California’s ‘Good Samaritan’ 
statute to form their sample (p. 16). In terms of the demographics of these real-world 
bystander interveners, “All but one of the 32 interveners were men…27 whites, one 
black, three chicanos, and one Asian. They averaged 31.2 years in age and 13.1 years of 
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education” (p. 17). While these findings may indicate some characteristics of interveners, 
the authors point out that their sampling frame and the litigious nature of their population 
limits generalizability, positing that they likely overrepresented Caucasians and non-
working class individuals (p. 22). In terms of relevant non-demographic factors, 
interveners experienced personal victimization at more than twice the rate of the matched 
sample of non-interveners (p. 19). While victimization experiences and demographic 
characteristics distinguish the actual intervener, none of the eight personality scales 
(including tests of humanitarianism, social responsibility, and sensation-seeking) could 
distinguish between interveners and the comparison group (p. 19). Despite the similarity 
between groups in terms of personality, considerable training and knowledge differences 
emerged. As found in Cramer et al.’s (1988) experimental study of bystander intervention 
among registered nurses, bystander knowledge was a significant variable in Huston et 
al.’s study; “For first-aid, life-saving, medical, and police training, the differences 
between the two groups reached statistically significant levels” (p. 20).  
 In addition to training and experience differences, physical size differences were 
also statistically significant in Huston et al. (1981): “Members of the matched sample on 
the average were 1.6 inches shorter…interveners at 176 pounds averaging 15 pounds 
heavier than members of the matched sample” (p. 20). As the authors determined the 
matched sample based on ethnicity, sex, age, and education, these differences are rather 
stark. The potential impact of bystander characteristics on intervention likelihood remains 
understudied, despite these findings. Laner et al. (2001) collected respondent sex, age, 
height, and weight information in a survey study of hypothetical bystander intervention 
among undergraduate students (p. 29). Increased respondent weight was a significant 
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predictor of intervention, with age limited as an independent variable by the 
undergraduate sample and height working in the opposite of the hypothesized direction 
(pp. 34-36). Sex represented a significant independent variable for Laner et al., with 
males rating themselves as more likely to intervene than females. Recently, Brewster and 
Tucker (2015) found heavier and shorter college respondents to a hypothetical crime 
vignette were more likely to report they would intervene (p. 15). As a result of these self-
report study findings in both hypothetical and real-world bystander intervention, I 
hypothesize physically large individuals will be more likely to state they would intervene 
than their shorter and lighter peers.   
 While several researchers examined hypothetical bystander intervention through 
the survey format (e.g., Burn, 2009; Hackler, Ho, & Urquhart-Ross, 1974; Levine & 
Thompson, 2004; Nicksa, 2014; Warner, 2007), the more focused sexual assault literature 
also provides a wealth of examples. Banyard, Moynihan, and Plante (2007) studied the 
impact of sexual assault bystander intervention training through an experimental design, 
finding their college sample evidenced statistically significant increases in self-ratings of 
bystander efficacy and willingness to help from the pretest to the posttest (p. 474). 
Researchers obtained similar results for sexual assault bystander training of resident 
advisors and school representatives (Banyard, Moynihan, & Crossman, 2009, p. 453) as 
well as college athletes (Moynihan et al., 2010). Langhinrichsen-Rohling et al. (2011) 
also discovered sexual assault bystander training increased male undergraduate students’ 
hypothetical helping behavior in addition to views of their power to stop sexual assault 
from pre-test to post-test (p < .001) (p. 751).  
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 Turning from the literature focused on sexual assault bystander intervention 
training, Laner et al. (2001) collected data on previous victimization/witness experiences 
in addition to self-defense and medical training (p. 29). None of these variables, save 
experience breaking up fights, was a significant predictor for intervention (p. 35). 
Brewster and Tucker (2015) also found neither self-defense training nor life-saving 
training had a significant impact on hypothetical intervention likelihood (p. 15). In 
contrast to the sexual assault training studies cited above, Gidycz, Orchowski, and 
Berkowitz (2011) discovered training in sexual assault prevention did not impact college 
males’ hypothetical intervention likelihood (p. 733). Although the relationship between 
bystander knowledge and intervention is muddled, I hypothesize that increased 
knowledge and training relevant to bystander intervention will increase the likelihood of 
hypothetical intervention in my survey.  
Procedural Justice Scholarship 
 As well as relying on research concerning situational and personal background 
factors that influence bystander intervention, this dissertation also benefits heavily from 
scholarship concerning the ways people evaluate the formal criminal justice system and 
the impact of these evaluations on indirect intervention. The amount of literature 
concerning procedural justice and its applications is staggering, including theoretical 
overviews by theorist Tom Tyler (e.g., 1989, 1990, 1994, 2004) as well as co-authored 
scholarship (e.g., Sunshine & Tyler, 2003; Tyler & Fagan, 2008; Tyler & Wakslak, 
2004). In this project, I rely Tyler and Blader’s (2003) more recent statement of the 
procedural justice model, termed the ‘group engagement model,’ focused on trying to 
understand the “antecedents of cooperation in groups” (p. 349). Most importantly for this 
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dissertation, their model specifies a mediational relationship where procedural justice 
assessment of a group influences perception of the quality and identification with that 
group which then influences the group member’s willingness to cooperate (p. 352). This 
model predicts “outcome judgments” including perceived “outcome fairness” as well as 
personal “outcome favorability” impact instrumental perceptions while only having an 
indirect influence on cooperation through identification with one’s group (pp. 352-357). 
The authors also explain the connection between procedural justice and group 
identification via the mechanism of ‘identity security’ where “by being members of a 
group, people can first use the group as a source of identity-relevant categories through 
which they define themselves. In addition, they can use the status of the group as a source 
of self-affirmation—gaining confidence in their own identity through their association 
with the group” and producing a “merger of the self with the group” (p. 358). The 
mediational procedural justice model provides my seventh and eighth research questions 
concerning the impact of procedural justice on ratings on legitimacy and the relationship 
between legitimacy ratings and willingness to report crimes to law enforcement.  
 Procedural justice mediational model. As with the unresponsive bystander 
model (Latané & Darley, 1970), the procedural justice mediational model attempts to 
predict indirect bystander intervention, framed as cooperation with police. Sunshine and 
Tyler’s (2003) research concerning New York City (NYC) residents’ willingness to 
cooperate with the police is a groundbreaking piece which compares the relative impact 
of general procedural justice, or non-situation-specific perceptions of the police, 
distributive fairness, or how the police distribute benefits and harms, and performance 
evaluations of the NYPD by 1,653 survey respondents. The authors found “legitimacy is 
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based predominantly on procedural justice (β = 0.35, p < 0.001), and to a lesser extent on 
distributive justice (β = 0.21, p < 0.001) and police performance, as indexed by 
assessments of neighborhood conditions (β = -.07, p < 0.01)” (p. 530). In addition, NYPD 
legitimacy perception was the primary predictor of cooperation with the NYPD (β = 0.26, 
p < 0.001), with performance assessments and distributive justice evaluations 
insignificant (p. 529). In study 2, which examined the mediational model, older, more 
educated, higher-income, female and African-American respondents were less likely to 
indicate high levels of perceived NYPD legitimacy. However, in a somewhat 
contradictory vein the “older, higher-education, and higher-income respondents [were] 
more likely to cooperate with the police” (p. 530). In another study focused on NYC, 
Tyler and Fagan (2008) screened for recent police contact, allowing them to assess 
specific procedural justice, or procedural justice perceptions tied to recent police contact 
over a one-year period. The authors found that for the 255 wave 2 respondents, when 
controlling for wave 1 perceptions of NYPD legitimacy: 
Those who experienced fair procedures increased their ratings of police 
legitimacy on each of the three aspects of legitimacy from pre-experience to post-
experience. They felt greater obligation to obey (t = 2.84, p < .01); had more trust 
and confidence in the police (t = 4.94, p < .001); and identified more strongly 
with the police (t = 4.90, p < .001). (p. 260) 
Using a 4-point Likert scale for questions about cooperating with the police, including 
crime reporting, patrolling the streets, and volunteering time (p. 270), wave 2 legitimacy 
ratings were significantly predictive of cooperation (p. 250).  
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 Two more recent studies applied the procedural justice mediational model to non-
US contexts. Reisig and Lloyd (2009) studied Jamaican high-school student perceptions 
at five high schools, relying on an earlier study that focused on refining measurement of 
the variables involved in the mediational model of procedural justice (Reisig, Bratton, & 
Gertz, 2007). Reisig and Lloyd found, as in Tyler and Fagan (2008) and Sunshine and 
Tyler (2003), that increased general procedural justice perceptions were associated with 
increased legitimacy ratings. However, unlike these US studies, legitimacy ratings did not 
have a significant relationship with cooperation (pp. 54-56). Finally, Kochel, Parks, and 
Mastrofski (2013), focusing on 280 crime victims in Trinidad and Tobago and their real-
world reporting behavior, found that ratings of police legitimacy and ratings of general 
procedural justice had significant relationships with reporting behavior (p. 914). In 
concert with the scholarship discussed above, I hypothesize that students who rate their 
campus police as procedurally just will be more likely to indicate high ratings of 
perceived campus police legitimacy. In addition, I predict that high ratings of campus 
police legitimacy will increase hypothetical reporting likelihood to the campus police.  
 Measurement refinement of procedural justice. While the empirical support for 
the mediational model of procedural justice is growing, measurement issues plague 
procedural justice scholarship. Reisig, Bratton, and Gertz (2007) assessed the convergent 
and divergent construct validity of the crucial variables involved in the mediational 
model of procedural justice with a national random-digit dialing sample of 450 adults. 
The authors pointed out that support for theories such as procedural justice may rely on 
conflation between independent and dependent variables (pp. 1010-1011). Using 33 
questions obtained through an extensive review of measures in the literature, the authors 
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provided a two part-procedural justice summated scale, including ratings of quality of 
treatment and quality of decision making (pp. 1012-1013), an additive index of police 
legitimacy, including ratings of obligation to obey and trust in police (p. 1013), a 
distributive fairness summated scale (p. 1013), and a cooperation summated scale (p. 
1013). Gau (2014) pointed out the importance of distinguishing between ‘general 
procedural justice’ and ‘specific procedural justice’ (p. 190). Importantly, Reisig et al. 
rely on general ratings, not on individual experiences with the police. Ultimately, Reisig 
et al. dropped two questions from a procedural justice summated scale, excluded two 
questions from a distributive fairness scale (p. 1016), and removed three items from a 
legitimacy scale (p. 1018), as they did not load onto the proper factors in the principal 
axis factor analysis procedure. This refinement process diminished issues with 
multicollinearity detected between the original scales and resulted in the “the 
development of homogeneous scales that exhibited high levels of internal consistency 
and discriminant validity” (p. 1020).  
 When examining the predictive power of the refined scales, Reisig et al. (2007) 
found support for the procedural justice model, with quality of treatment and decision-
making significantly impacting legitimacy ratings, “Quality of Treatment (β = .50), 
Quality of Decision Making (β = .08), and Distributive Fairness (β = .14) (R2 = .44, F = 
113.71, p < .001)” (p. 1022). In addition, legitimacy ratings significantly predicted 
willingness to cooperate in the future at the alpha level of .01 (p. 1022). The authors 
found that when breaking down legitimacy’s power to predict cooperation into obligation 
to obey and trust in police, only trust in police was a significant predictor (p. 1022). 
Subsequently, they argued for dropping obligation to obey entirely from the 
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operationalization of legitimacy; “There was no evidence to support the notion that 
participants’ sense of obligation to obey legal authorities directly affects whether they 
cooperate with the police” (p. 1023). Thankfully, Reisig et al. (2007) provided detailed 
descriptions of each of their refined scales for procedural justice, distributive fairness, 
and legitimacy that I modified for use in this study.  
 My focus on indirect intervention is an important point for clarification, bringing 
together several elements discussed above. I am investigating this particular form of 
intervention, rather than a more complete operationalization of the range of potential 
responses to a crime context, to provide the most effective test of these two social 
psychology models. While the research focusing on the unresponsive bystander assesses 
both indirect and direct variations of intervention, the procedural justice mediational 
model does not predict personal physical involvement in ongoing crime. Instead, the 
focus of these theorists and researchers is the deployment of police resources to address 
an issue. In light of these theoretical considerations, my dissertation reduces the scope of 
considered behavioral responses to indirect intervention in a bystander scenario.  
Campus Policing Development and Legitimacy 
 As mentioned above, my test of these two models addresses a gap in the 
procedural justice literature by examining the campus police. In 1894 Yale University 
hired two foot-patrol officers from New Haven, CT and formed the first campus police 
department (Hopkins & Neff, 2014; Paoline & Sloan, 2003; Peak, Barthe & Garcia, 
2008; Wada, Patten, & Candela, 2010). Wada et al. (2010) studied the perceived 
legitimacy of campus police vis-à-vis municipal police among an undergraduate sample. 
They discussed the continued ‘liminal’ state of campus policing, existing between full 
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municipal police powers and civilians without any special authority (p. 118). Peak, 
Barthe, and Garcia (2008) provided useful historical context:  
Legal, social, and international events in the 1960s and early 1970s dramatically 
changed the need for security and policing on postsecondary campuses in the 
United States. During the social upheaval of the period, many campuses 
developed their own police departments, and by the early 1970s officers at state 
institutions were beginning to possess full arrest powers granted by statute or 
through local deputization (Brubacher & Willis, 1968; Esposito & Stormer, 1989; 
Gelber, 1972). Therefore, although young when compared to their state and local 
police counterparts, most campus law enforcement agencies have now been in 
existence for nearly a half-century, and some even longer. (p. 239) 
Using a sampling frame of the International Association of Campus Law Enforcement 
Administrators (IACLEA) directory of campus police departments serving 2 and 4-year 
schools, the authors compared results from a survey in 1986 to their 2006 survey data 
(pp. 240-242).  
 Peak et al. (2008) found a “62% increase in the use of the formal title of ‘Police 
Department,’ with a marked decrease (-65%) in designations like ‘Security Office’ or 
‘Security Department’” (p. 242). They also found powers of arrest and investigation were 
much more common among contemporary campus police departments, increasing from 
75% in 1986 to 82% in 2006 (pp. 247-248). Hopkins and Neff (2014) pointed out, “State 
and private educational institutions cannot merely establish campus police offices with 
full police powers and authority on their own initiative; it must be granted through some 
type of state authority” (p. 129). Hopkins and Neff described a continuum of campus 
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police jurisdictional powers, usually tied to a state statute granting campus police powers, 
ranging from limited jurisdiction (campus property only) to extended jurisdiction (pursuit 
of ongoing campus crimes and/or areas popular with students) to full jurisdiction (state-
wide powers) (pp. 133-135). In Peak et al.’s data, statewide jurisdiction increased from 
10% to 18% from 1986 to 2006, with the most common jurisdiction involving only the 
campus property itself, with 46% of departments holding this limited jurisdiction in 1986 
and 42% in 2006 (p. 248). Overall, municipal and state police forces seem to retain 
jurisdiction over non-campus areas while campus police focus on college property.  
 In terms of the growth of sworn officers, Peak et al.’s (2008) data showed a 38% 
increase in full-time sworn personnel, a 48% decrease in part-time sworn personnel, and 
a decrease in the average size of the non-sworn full-time personnel from 12 in 1986 to 5 
in 2006 (p. 248). Asking chiefs to rank the activity of their officers in 1986, parking was 
the most frequent activity, with investigations forming the brunt of campus police 
activities in 2006 (p. 251). However, at both time periods, the range of duties included (in 
addition to those mentioned above): public event coordination, planning, SWAT, 
narcotics, canine duties and crime prevention, while the 2006 data revealed unique 
emphases on training, accident investigations, hazardous material handling and Clery Act 
crime reporting (p. 251). Clery Act reporting has to do with the:  
Jeanne Clery Disclosure of Campus Security Policy and Campus Crime Statistics 
Act, codified at 20 USC 1092 (f). The law, originally enacted by Congress in 1990 
as the Campus Security Act, was amended and renamed the Clery Act, in 1998, 
for Jeanne Clery—a 19-year-old Lehigh University freshman in Bethlehem, 
Pennsylvania, who was raped and murdered in her campus residence hall in 1986. 
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This federal law requires colleges and universities to disclose certain timely and 
annual information about campus crime and security policies. All public and 
private postsecondary educational institutions participating in federal student aid 
programs are subject to this law. (pp. 250-251) 
According to this self-report portrait, campus police have expanded their operations into 
areas traditionally associated with city, county, and state law enforcement.  
 In addition to the evolution of the campus police officer’s duties, the amount of 
training and the filtering process for candidates expanded considerably from 1986-2006. 
Peak et al.’s (2008) data showed most agencies still rely on psychological examinations 
(71% in 1986 and 69% in 2006), along with a boost in the use of physical agility tests 
from 19% to 42% (p. 252). Ongoing training for campus police officers increased as a 
practice from 18% to 94% during this 20 year-span (p. 253). The myriad of dimensions 
assessed by Peak et al. provided a clear picture of increased professionalization of 
campus policing since the mid-1980s. Furthering the argument for campus police 
professionalization is the ‘organizational mimicry’ between municipal and campus 
policing in Paoline and Sloan’s (2003) Bureau of Justice Statistics data in terms of 
“functional differentiation” or separate units, “vertical differentiation” or the range in 
salary between the chief and a starting officer, “formalization” or codified policies, and 
“administrative density” or the percentage of administrative personnel (p. 627).  
 Wada et al. (2010) stated that campus police (CP) are trained as municipal police 
(MP), but apply their knowledge to the campus context (p. 126). However, “Universities 
do not recognize them as part of the university system because they are cops and not part 
of academia (Smith, 1988). Perhaps more importantly, scholars have indicated CP are not 
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perceived by the public as ‘real’ cops because they are based in university system” (p. 
126). This is a finding echoed by Jacobsen’s (2015) qualitative research examining 
student impressions of campus police legitimacy (pp. 322-323). It is important to keep in 
mind the complicated position of campus police when considering applying the 
procedural justice model to the campus policing institution. If the institution has issues 
with legitimacy, procedural justice evaluations may hold a special significance for further 
establishing the need for dedicated police forces on campuses. Relying on a single public 
college, Wada et al. asked students from a convenience sample of classes to participate, 
with 593 completed surveys. Importantly, the magnitude of the effect size for type of 
police force (municipal vs. campus) was quite small, with this variable accounting for 
only 1.6% of the variance in legitimacy ratings (p. 124). This finding provides evidence 
for the argument that the procedural justice mediational model may generalize to campus 
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III. RESEARCH QUESTIONS AND HYPOTHESES  
Research Questions Derived from Procedural Justice Literature 
1. Do general procedural justice ratings of campus police predict ratings of campus 
police legitimacy? 
2. Do ratings of campus police legitimacy predict willingness to contact campus 
police in a criminal context? 
Research Questions Derived from Bystander Intervention Literature 
3. Does the level of crime severity impact the willingness of a bystander to contact 
campus police in a criminal context? 
4. Does the level of crime severity moderate the impact of bystander group size on 
the willingness of a bystander to contact campus police in a criminal context? 
5. Does bystander group size impact the willingness of a bystander to contact 
campus police in a criminal context? 
6. Does the condition of anonymity impact the willingness of a bystander to contact 
campus police in a criminal context? 
7. Does the training of the bystander impact their willingness to contact campus 
police in a criminal context? 
8. Does the physical size of the bystander impact their willingness to contact campus 
police in a criminal context? 
Hypotheses Derived from Procedural Justice Literature 
1. Respondents who score the campus police as highly procedurally just will be 
more likely to rate the campus police as legitimate, holding all other variables 
constant (Gau, 2015; Lee et al., 2015; Nix et al., 2015; Reisig et al., 2007; Reisig 
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& Lloyd, 2009; Sunshine & Tyler, 2003; Taylor & Lawton, 2012; Tyler & Fagan, 
2008; Wolfe et al., 2015).  
2. Respondents who rate the campus police as legitimate will be more likely to 
contact campus police in a criminal context (Kochel et al., 2013; Reisig et al., 
2007; Sunshine & Tyler, 2003; Tyler & Fagan, 2008; although see Reisig & 
Lloyd, 2009).  
Hypotheses Derived from Bystander Intervention Literature 
3. Bystanders presented with the more serious crime contexts of physical assault, 
indecent exposure, or weapon possession on a college campus will be more likely 
to state they would contact campus police than bystanders presented with the 
petty larceny crime context, holding all other variables constant (DeJong et al., 
1980; Moriarty, 1975; Nicksa, 2014; Schwartz & Gottlieb, 1976; 1980; Schwarz 
et al., 1980).  
4. The level of severity of the criminal context will moderate the impact of group 
size on the likelihood of indirect intervention, with the contexts of indecent 
exposure, aggravated assault, and weapon on campus showing an attenuated 
impact of group size on the likelihood of contacting campus police in relation to 
petty larceny (Fischer et al., 2011; Harari et al., 1985).  
5. Solo bystanders will be more likely to state they would contact campus police 
than those in groups of four other bystanders, holding all other variables constant 
(Fischer et al., 2011; Latané & Nida, 1981; Schwartz & Gottlieb, 1976, 1980). 
6. Anonymous bystanders will be no more likely to state they would contact campus 
police than those who are known to all involved parties [law enforcement, victim, 
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offender, and fellow bystanders (if they are present)], holding all other variables 
constant (Bickman & Helwig, 1977; Nicksa, 2014; although see Schwartz & 
Gottlieb, 1976, 1980).   
7. Bystanders with relevant training will be more likely to state they would contact 
campus police than those without such experience, holding all other variables 
constant (Banyard et al., 2007; Banyard et al., 2009; Cramer et al., 1988; Huston 
et al., 1981; Langhinrichsen-Rohling et al., 2011; Moynihan et al., 2010; although 
see Brewster & Tucker, 2015; Gidycz et al., 2011; Laner et al., 2001).  
8. Physically-larger bystanders will be more likely to state they would contact 
campus police than those who are less physically large, holding all other variables 
constant (Huston et al., 1981; although see Brewster & Tucker, 2015; Laner et al. 
2001).  
Relevant Control Variables Derived from Community Crime Prevention, Bystander 
Intervention, and Procedural Justice Literatures 
1. Student household income, with increased income predicting increased 
willingness to contact campus police (Bickman & Helwig, 1979; Sunshine & 
Tyler, 2003).  
2. Respondent age, possible curvilinear relationship with respondents in their 30s-
40s most likely to contact campus police (Bickman & Helwig, 1979; Huston et 
al., 1981; Lavrakas & Herz, 1982; although see Laner et al., 2001). 
3. Respondent sex, with females more likely to contact campus police (Austin, 1979; 
Banyard, 2008; Banyard & Moynihan, 2011; Brown, Banyard, & Moynihan, 
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2014; Eagly & Crowley, 1986; Nicksa, 2014; although see Laner et al., 2001; 
Schwartz & Gottlieb, 1980). 
4. Respondent race, with Caucasians most likely to contact campus police (Huston et 
al., 1981; although see Brewster & Tucker, 2015; Brown et al., 2014; Sunshine & 
Tyler, 2003; Tyler & Fagan, 2008).  
5. Respondent prior personal or vicarious victimization, with those with 
victimization experiences more likely to contact campus police (Banyard, 2008; 
Huston et al., 1981; Pattavina et al., 2006).  
6. Respondent religiosity, with those with high religiosity more likely to contact 
campus police (Adamczyk & LaFree, 2015; Bonner et al., 2003; Hardy & Carlo, 
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IV. METHODOLOGY 
Target Population 
  The target population for this dissertation is all adult (18 years old or older) 
undergraduate students attending ‘Spencer College’ (a pseudonym to maintain the 
anonymity of participants). Spencer College is a public urban college in the Northeastern 
United States. With over 13,000 undergraduate students in Fall 2014 (National Center for 
Education Statistics, 2014), Spencer College provides a sizable population for study. In 
terms of racial demographics, 45% were Hispanic/Latino, 20% Caucasian, 18% African-
American, 11% Asian, 3% identified as ‘non-resident alien,’ 2% as multiracial, and less 
than 1% as Native Hawaiian/Pacific Islander (National Center for Education Statistics, 
2014). Fifty-seven percent of students were women and 43% were men (National Center 
for Education Statistics, 2014). In Fall 2013, 80% of students were 24 or younger, with 
20% aged 25 or older (National Center for Education Statistics, 2014).   
In order to address concerns about the cross-population generalizability of the 
main sample, I also collected a sample of six undergraduate sections at ‘Guster College’ 
(a pseudonym to maintain the anonymity of participants) during the Winter 2016 session. 
Guster College is also an urban public university campus in the Northeast. As a result, 
Guster College represents an ideal comparison sample for the Spencer College sample. 
Below, I discuss the sampling design and procedures for both Spencer College and 
Guster College campuses.   
Sampling Procedures and Subject Selection 
In order to generate a sufficient sample size for the various cell combinations of 
experimentally manipulated independent variables in my research (16), I initially targeted 
	   31	  
a simple random sample of 30 classes taught in-person on Spencer College’s campus to 
participate in Fall 2015, assuming approximately 30 students per class, for a sampling 
frame of approximately 900 students. I used subsequent random samples of courses as I 
received rejections or non-response following four weeks of communication. Ultimately, 
I requested participation from instructors teaching 70 different sections at Spencer 
College across the sampling waves, following James and Lee’s (2015) advice to consider 
increasing my sampling frame. At the end of the Fall 2015 semester, I had secured 
participation from instructors teaching 31 different sections, providing a final sample of 
567 Spencer College students. To minimize any potential issues with students 
accidentally participating more than once, I provided an initial filter question before 
beginning the survey that asked whether respondents had participated previously.  
Examining the total number of students registered to the course and including 
those absent on the day of survey administration, the response rate was 68.89% 
(567/823). Of students present on the day I discussed the survey, the response rate was 
90.72% (567/625). I calculated my approximate required sample size by considering the 
number of cases per cell required and by using two online tools. The first, Sample Size 
Calculator (2012), took into account the target population size of all 13,305 
undergraduate students at Spencer College (National Center for Education Statistics, 
2014) and acceptable limits in terms of confidence level (95%) and confidence interval 
(5%), producing a minimum sample size of 373 respondents. The second tool, Statistics 
Calculators (2015), relies on the inputs of anticipated effect size [f2 = .15 selected as 
conservative estimate of effect sizes in Reisig et al., (2007), Sunshine and Tyler, (2003), 
and Tyler and Fagan (2008)], desired statistical power (.80), number of predictors in the 
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full model (20), and alpha level (.05), providing a minimum sample size of 156. Clearly, 
these two minimum sample size estimates diverge considerably. However, the total 
Spencer College sample of 567 exceeds both estimates by a large margin, providing a 
substantial sample for analysis.   
I also targeted all of the Winter 2016 courses taught in-person at Guster College 
for the purposes of the comparison sample. Of the total of 13 sections, only six professors 
agreed to allow me to present the survey to their classes, providing a sample of 82 
students. Examining the total number of students registered to the courses and including 
those absent on the day of survey administration, the response rate was 83.67% (82/98). 
Of students present on the day I discussed the survey from the six courses, the response 
rate was 95.35% (82/86). This comparison sample allowed me to assess the cross-
population generalizability of my Spencer College findings to other urban public college 
settings.  
Data Sources 
 I collected all original data for this dissertation via paper questionnaires. I 
excluded 10 cases which involved students either stating that they had already taken the 
survey or failing to fill out measures concerning the dependent variable. In the process of 
data cleaning, I also excluded three cases with extreme values on a height variable, with 
each more than six standard deviations from the mean, after checking the original surveys 
to ensure no data entry mistakes were present. In terms of cross-population 
generalizability, the two samples provided similar values on the dependent variables and 
chi-squared tests indicated no significant differences across the Spencer College and 
Guster College samples for reporting to campus authorities [χ2 (2, N = 636) = .007, p = 
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.933] or the blanket intervene dependent variable [χ2 (2, N = 636) = .019, p = .891] (see 
Appendix B). As a result, I can be reasonably confident that the study has cross-
population generalizability beyond the confines of one urban college. However, due to 
differing values on some of the independent variables, I imputed for missing values in the 
two samples separately and combined them following this process, examining interaction 
terms with Guster College status in the regression models.  
I evaluated the representativeness of the sample based on the demographics of 
sex, race, and age of the target population, using demographic data for Spencer College 
(National Center for Education Statistics, 2014). The Spencer College sample 
demographics included 59.64% female and 40.36% male, compared to official data from 
Fall 2014 that indicated 57% were female and 43% were male (National Center for 
Education Statistics, 2014). In the sample, 84.30% of the sample was 24 years or 
younger, with Fall 2013 official data providing a figure of 80% (National Center for 
Education Statistics, 2014). Sample figures indicated 29.55% are Hispanic/Latino, 
23.30% Caucasian, 20.94% multiracial, 13.60% African-American, 13.54% Asian, .76% 
American Indian/Alaska Native, and .25% Native Hawaiian/Pacific Islander. The Fall 
2014 data indicated 45% were Hispanic/Latino, 20% Caucasian, 18% African-American, 
11% Asian, 3% identified as ‘non-resident alien,’ 2% as multiracial, 1% as Native 
Hawaiian/Pacific Islander, and less than 1% as American Indian/Alaska Native (National 
Center for Education Statistics, 2014). Clearly, the biggest difference involves students 
who indicated two or more different racial/ethnic categories in my sample data. This is 
likely due to instrumentation differences between my data gathering and that of Spencer 
College. I followed the 2010 U.S. Census and 2012 NCVS approach and allowed 
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students to select all racial/ethnic options that applied. As a result, I did not apply any 
weighting to the data due to the likely differences in instrumentation as well as the fact 
that the comparison figures are not contemporary with the sample.  
The Guster College sample demographics included 65.85% female and 34.15% 
male, compared to official data from Fall 2014 that indicated 64% were female and 36% 
were male (National Center for Education Statistics, 2014). In the sample, 79.27% of the 
sample was 24 years or younger, with Fall 2013 official data indicating a figure of 78% 
(National Center for Education Statistics, 2014). Sample figures indicated 40.85% are 
Caucasian, 27.56% Asian, 11.46% Hispanic/Latino, 10.49% African-American, 10.24% 
multiracial, 1.22% Pacific Islander/Native Hawaiian, and 0.00% American-Indian/Alaska 
Native. The Fall 2014 data indicated 30% are Caucasian, 27% Hispanic/Latino, 24% 
Asian, 10% African-American, 6% ‘non-resident alien,’ 2% multiracial, 1% Pacific 
Islander/Native Hawaiian, and less than 1% American Indian/Alaska Native (National 
Center for Education Statistics, 2014). The racial demographics seem like a potential 
issue in terms of representativeness. My sample demographics have substantially larger 
proportions of Caucasian and multiracial students while providing smaller proportions of 
Hispanic/Latino students. Once again, this may reflect a recent shift in student 
demographics, sampling bias, or differences in student demographics during the Winter 
2016 session. As a result, I did not apply any weighting to the data.  
During data collection, I presented my research in a short format and provided the 
instrument to willing participants in the randomly sampled classes during a day of each 
instructor’s choosing, using a standard speech adapted from the oral consent script 
provided by Spencer College’s institutional review board (see Appendix A) before 
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passing the survey versions to the class. I selected the path of respondent anonymity and 
no informed consent form due to the fact that the signature itself would serve as the sole 
identifier for students. The only information that I retained from the classes I surveyed is 
the type of course. In addition, on the recommendation of proposal committee member 
Dr. Nicksa, I supplied each respondent with a manila folder to protect the respondent’s 
privacy while filling out the survey and returning the completed form as well as remove 
any experimenter expectancy issues when distributing the survey versions. Following 
completion of the instrument, students handed me their completed surveys in the 
provided manila folders. Each data collection session required between 10-20 minutes to 
complete, occurring either before or after the day’s lecture.  
IRB Approval and Instrument Pretest 
 During the Spring 2014 semester, I submitted my institutional review board (IRB) 
application. The study was approved on 6/08/2015 via an exemption for minimal risk and 
lack of possibility of linking respondents to their responses due to the anonymous nature 
of the survey. I also submitted an amendment to the original submission to reflect the 
Guster College data collection for the comparison sample, and the final version was 
approved on 12/18/2015 ahead of the Winter 2016 data collection. On 7/22/2015, I 
administered a pretest of my survey instrument to a Spencer College class of 25 attending 
students. After presenting the oral consent script in Appendix A, all students agreed to 
participate. In addition to the survey instrument, I provided four open-ended questions in 
a ‘debriefing’ section, which allowed students to share any general impressions, 
questions/answer choices that confused them, question/answer choices that offended 
them, and any lingering thoughts I had not addressed with earlier open-ended questions. 
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Generally, the feedback was very positive, with no respondent indicating they were 
offended by any of the questions/answer choices and most students who chose to respond 
stating the survey was clear and focused. However, four students mentioned being 
worried about their low levels of interaction with campus police at Spencer College as 
impacting on the validity of their responses.  
 Following the pretesting process, I implemented several changes to the 
instrument. Firstly, I added a statement in the instructions to the section concerning their 
experiences with crime and campus police to reflect my acknowledgement that some of 
them may have limited personal experience. A student pointed out that my income 
estimate concerned a 2013 reference period and as a result I changed the reference period 
to 2014. A student also asked whether their experience as an auxiliary police officer 
would count toward the question concerning law enforcement experience. Following this 
feedback, I added an additional example of law enforcement experience: 
“volunteer/auxiliary police officer.” In addition to alterations to address these concerns, I 
also implemented changes for issues that were not mentioned by the pretest participants.  
 After looking through the small sample of results, I noticed that the overall 
likelihood ratings of the seven-point scale for reporting to campus police were quite high 
(M = 6.09). As I was concerned about a lack of variation in the dependent variable, I 
decided to reduce the severity of the theft condition from grand larceny of a laptop to 
petty larceny of an iPhone and the sex crime vignette from a violent sexual assault to an 
indecent exposure scenario. I added additional contextual detail to each vignette to create 
a more realistic scenario, relying on Nicksa’s (2014) descriptions. On the 
recommendation of Dr. Nicksa, I changed my ordinal age question to an open-ended 
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question to allow for additional variation. I also eliminated a question concerning 
reporting to a fellow student as we were concerned about misunderstanding surrounding 
the question in terms of gossiping rather than asking for assistance.  
 Dr. Nicksa noticed I had not included any question concerning bystander 
intervention training and I rectified this oversight with two additional questions, one 
focusing on bystander intervention training and one on active shooter training. In 
addition, Dr. Nicksa notified me of a potential issue with confusion about the term 
‘criminal justice system,’ especially for students just beginning their college education. 
Consequently, I specified that I was discussing the police. Dr. Nicksa questioned the use 
of a physical activity question in reference to prior operationalization of physical size as 
height and weight (Brewster & Tucker, 2015; Huston et al., 1981, Laner et al., 2001), a 
modified income question from the NCVS, and the lack of a more ambiguous option for 
prior crime experiences. Following this discussion and further reading, I eliminated the 
question about physical activity in favor of a height and a weight question, replaced the 
income questions with the original 2012 NCVS version, and added an option of 
‘Unknown’ for the questions about prior victimization and witnessing experiences.   
Instrument 
 The instrument in this study is a survey questionnaire designed for Spencer 
College undergraduate students. Respondents received one of 16 possible survey 
versions. This is a 4x2x2 factorial design; the 16 variations emerge from three sets of 
independent variables:  
1) Crime type: Petty larceny, aggravated assault, indecent exposure, or 
possession of a weapon on a college campus 
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2) Group size: Solo bystander vs. group of four fellow bystanders 
3) Anonymity: Identity made public knowledge through a news report vs. 
anonymous to the victim, offender, witnesses, and the police 
The instrument (attached in Appendix A), moves from the bystander intervention 
vignettes to ratings of the Spencer College Public Safety Department to questions 
concerning prior victimization, witnessing, and intervention, ending with demographic 
questions. While I considered placing the demographic questions towards the beginning 
of the instrument to slowly introduce more serious topics, proposal committee member 
Dr. Bartlett pointed out that participants’ answers may color their responses to future 
questions and raise suspicion about researcher expectations (Bachman & Schutt, 2015, 
pp. 153-155; Mitchell & Jolley, 2013, p. 307).  
Independent and Dependent Variables 
 Experimental independent variables. 
1. Crime type 
2. Group size 
3. Anonymity 
 Subject-specific independent variables. 
1. Bystander training 
2. Respondent height 
3. Respondent weight 
4. Ratings of campus police procedural justice 
5. Ratings of campus police distributive fairness 
6. Ratings of campus police performance 
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7. Ratings of campus police legitimacy 
 Control variables. 




5. Prior personal/vicarious victimization 
6. Religiosity 
 Dependent variables. 
1. Campus police indirect intervention likelihood 
2. Blanket indirect intervention likelihood 
Operationalization of Key Concepts 
 Operationalization of experimental independent variables. The 4x2x2 
factorial experimental design provides three situational factors discussed in this section. 
The first variable of interest is crime type. While Nicksa (2014) examined sexual assault, 
theft, and physical assault, I modify this by presenting an indecent exposure crime and 
adding weapon possession on a college campus. These choices are intended to expand the 
range of crimes considered in these vignettes as well as extend the unresponsive 
bystander model to an even more serious criminal context, one that may result in 
widespread death in the school. As with Nicksa’s study, participants respond to a single 
crime vignette in each version of the survey. This is designed to eliminate potential issues 
of contamination between different vignette conditions and allow participants to fully 
engage with the provided scenario. I rely on modified versions of Nicksa’s vignette 
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descriptions of each crime type, which specify the context in detail, including control 
variables (e.g. time of day, location, sex of the victim and offender) as well as other 
experiment-relevant variables in the vignette.  
The second experimental factor is group size. As with other studies of bystander 
intervention in vignette designs, the vignette states explicitly that the respondent is either 
alone or in a group (e.g., Laner et al., 2001). I modified Levine and Crowther’s (2008) 
operationalization of group size in my study by either stating the respondent is alone or in 
a group with four other bystanders who are previously unknown to the respondent (p. 
1430). The activity of the bystander group is held constant, with all bystanders remaining 
inactive in the context of the crime. This is an important aspect to control as according to 
Latané and Darley (1970), respondents may experience pluralistic ignorance as they look 
to other bystanders for feedback about the correct reaction to the crime event.  
Lastly, the factor of anonymity is operationalized in this study by explicitly 
stating to the respondent that no involved parties will learn of their identity in the 
hypothetical scenario. The primary source for my operationalization of anonymity is 
Nicksa (2014). Nicksa relied on a straightforward operationalization for this variable, 
stating to the respondent that their identity would either remain confidentially known to 
the police, or their identity would be made public (p. 224). Importantly, confidentiality 
and anonymity are not synonymous, with true anonymity difficult if not impossible to 
achieve in the physical world due to the realities of cell phones, Internet Protocol (IP) 
addresses, data mining procedures, and other technologies of the Information Age. While 
anonymity may only be a temporary phenomenon in our modern world, it is essential that 
the operationalization of anonymity reflect Latané and Darley’s (1970) unresponsive 
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bystander model as closely as possible. As a result of these considerations, I slightly 
modified Nicksa’s operationalization of anonymity by explicitly stating that the 
respondents in the anonymity conditions would remain anonymous to the victim, 
offender, witnesses, and law enforcement. Those who were not assigned to the anonymity 
conditions were told that their identity would be made public knowledge through the 
mechanism of a news report of the incident (see Appendix A).  
 Importantly, often-studied independent variables such as the race, sex, age, and 
gang affiliation of the offender, examined in first-party reporting scenarios through the 
National Crime Victimization Survey (e.g., Hart & Rennison, 2003; Xie & Lauritsen, 
2012), remain controlled in this study. This dissertation does not focus on racial or gender 
bias influences on reporting, but on variables pertinent to the procedural justice and 
unresponsive bystander models. Importantly, as with prior survey studies examining 
bystander intervention through crime vignettes (e.g., Brewster & Tucker, 2015; Laner et 
al., 2001; Nicksa, 2011, 2014), I do not include manipulation checks in my study. In the 
context of the self-administered survey, it is unclear whether any manipulation checks 
would be measuring awareness of my independent variables or willingness to return to 
the vignette for answers. In addition, this may draw undue attention to these aspects of 
the vignettes, reducing the external validity of the design.   
 Operationalization of subject-specific independent variables. The second set 
of factors relevant to this study concerns the characteristics and experiences of 
respondents. In my operationalization of these subject-specific independent variables, I 
first turn to Laner et al. (2001) and Huston et al. (1981), both measuring respondent 
physical size. When measuring height, I simply request information concerning their 
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height in feet and inches and weight in terms of pounds, following Huston et al. in this 
regard. While Laner et al. relied on Likert-scale measures for respondents, this choice 
limits the level of measurement of these independent variables to an ordinal scale. To 
measure bystander knowledge, I inquire concerning experience in law enforcement, 
medical training, and military experience, modifying Laner et al. and Huston et al.’s 
approaches. I also created two questions concerning bystander intervention training 
experiences. Turning to the operationalization of key variables in the procedural justice 
literature, I rely heavily on Reisig et al.’s (2007) scale refinement results. I modified their 
measures for procedural justice, a summated scale of eight questions that focus on both 
quality of treatment and quality of decision-making, their measures for distributive 
fairness, a three-question summated scale, and their measures for legitimacy, a three-
question summated scale focusing on trust in police. The three summated scales rely on 
four-point Likert scales for individual questions, ranging from 1 = strongly disagree to 4 
= strongly agree. I also used a prior measure of police effectiveness/performance, 
modifying Tankebe’s (2009) 10-item index. For the full instrument, please see Appendix 
A. 
 Operationalization of control variables. Most of the control variables in this 
study are standard inclusions in survey research, and preexisting questions and measures 
were not difficult to locate. I used the NCVS questionnaire (US Department of Justice, 
2012) to draw questions concerning race, sex, and income. I augmented the NCVS race 
question with a question from the 2010 Census concerning Hispanic origin. The 2012 
NCVS inquires about race with a semi-closed range of options that allow respondents to 
select multiple options, including ‘White,’ ‘Black/African American,’ ‘American 
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Indian/Alaska Native,’ ‘Asian,’ ‘Native Hawaiian/Other Pacific Islander’ and a catchall 
of ‘Other-Specify.’ As in Reisig et al. (2007), I collect information about participant age 
using an open-ended question. The final, and arguably most sensitive control variable is 
prior victimization. While more detailed questions can certainly provide a high level of 
measurement, they have the added disadvantage of delving into very personal details of 
respondent’s lives and potentially psychologically harmful effects. As a result, I modified 
the approach of Laner et al. (2001), providing questions concerning whether the 
respondent or any member of their family had ever been a victim of or witnessed a 
violent crime. I added a question concerning religiosity from the World Values Survey, 
Wave 6 (2012), which asks respondents to report the importance of religion in their life. 
Beyond the control variables, I added questions concerning whether they witnessed any 
crime on Spencer College’s campus and if so, whether they reported the incident to a 
Spencer College campus police officer or a member of ‘City Police Department’ (CPD) 
to assess external validity. I also added a short ten-item social desirability scale as in 
Nicksa (2011), the 10-item version of the Marlowe-Crown Social Desirability Scale, M-C 
2(10) (Crown and Marlowe 1960; Strahan and Gerbasi 1972), in order to assess whether 
respondents are predisposed to inflate their reporting behaviors.  
 Operationalization of dependent variables. My operationalization of my 
dependent variables largely follows the bystander intervention and procedural justice 
literature. It is important to note that I conceptualize ‘indirect intervention’ as efforts on 
the parts of a third-party individual to assist a victim or capture an offender through the 
use of another third-party (e.g., someone calls 9-1-1 when they witness a robbery-in-
progress). This focus excludes people who personally and physically intervene in a crime 
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to either help a victim or stop an offender (‘direct intervention’). I made this choice to 
provide the most effective and reasonable test of the procedural justice model, which 
does not predict direct or personal intervention but rather cooperating with the police. 
The sets of factors from the unresponsive bystander model, bystander characteristics, and 
the procedural justice model overlap in terms of their prediction of this specific behavior.  
In my questionnaire, respondents rate their likelihood of responding to the 
particular crime context by reporting the crime to campus police, municipal police, and a 
member of the library staff, each with a separate 7-point Likert scale with 1 = extremely 
unlikely and 7 = extremely likely, relying on Levine et al.’s (2002) Likert scale. While 
several other viable intervention options exist, including defensive gun use (Kovandzic & 
Gertz, 1998) or other more direct responses to witnessing a crime, the legal harm 
potential in eliciting responses that indicate willingness to engage in illegal behavior 
appears to outweigh the research potential. In addition, the specific predictions of both 
the unresponsive bystander and procedural justice models overlap in terms of campus 
police indirect intervention, as discussed above. As a result, in the test of the two 
theories, I largely focus on the stated likelihood of reporting the crime to campus 
authorities. In addition, I examine a ‘blanket intervene’ option, combining scores from 
the three potential recipients of requests for assistance. In terms of ‘intervention,’ the 
respondent’s stated likelihood of intervening in the particular context offered ranges from 
one to seven, with higher values representing a greater likelihood of intervening. 
Following Warner (2007), I collapsed the respondent answer to a binary dependent 
variable in an effort to only select those survey respondents who are relatively sure they 
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would choose to report as subscribing to that particular approach (students rating their 
likelihood as ‘very likely’ or ‘extremely likely’).  
Quantitative Reliability and Validity Assessment 
 Quantitative reliability. In assessing the consistency or reliability of this 
dissertation, I rely on Kraska and Neuman (2010) and their discussion of quantitative 
reliability as well as several other supplemental sources. In terms of the reliability types I 
am addressing, I strive for both representative reliability and equivalence reliability 
(Kraska & Neuman, pp. 123-124). Admittedly, I cannot address the test-rest or stability 
reliability of this research as I did not administer the survey to the same sample at 
multiple time periods (Kraska & Neuman, pp. 123-124). In terms of representative 
reliability, I assessed the understanding of my survey questionnaire through a survey 
pretest with a convenience sample of 25 students from a Summer 2015 course. Following 
the administration of the survey I allowed respondents to indicate any areas of confusion 
or tension in the instrument and elicit potential fixes in an open-ended set of four written 
‘debriefing’ questions attached to the survey (Schaeffer & Presser, 2003). In terms of 
equivalence reliability, I used the instrument form as a dummy variable in a regression 
analysis to ensure that no differences in ratings of the campus police legitimacy resulted 
from the instrument form. Both the Spencer College and the pooled sample data sets 
showed legitimacy ratings did not significantly vary according to the instrument version 
in a linear regression analysis (see Appendix C). 
 Quantitative validity. To examine and categorize my attempts to impact the 
accuracy or validity of my study, I similarly focus on Kraska and Neuman (2010, pp. 
125-126). By relying on Reisig et al.’s (2007) measures of key procedural justice 
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variables, I benefited from their extensive work to provide convergent and divergent 
construct validity. I address face validity through the use of several preexisting measures 
from the fields of bystander intervention, community crime prevention, and procedural 
justice research. In addition, the pretest and debriefing illustrate the acceptance offered by 
the Spencer College undergraduate pretest sample for the operationalization of my key 
terms. In terms of content validity, the dissertation seeks to cover a range of questions 
concerning the elements of procedural justice and bystander intervention although 
admittedly some intervention options are missing (as discussed above).  
 The external validity of this proposed study is not as well formed as a field 
experiment (Kraska & Neuman, 2010, pp. 167-168) due to the ethical considerations of 
the project as well as the practicality of attempting such a design with the amount of 
independent variables involved. However, the vignette format is a well-trodden method 
of assessing respondent attitudes and opinions about bystander intervention and Bickman 
and Helwig’s (1979) assessment of the correlation between stated intentions and real-
world bystander behavior is promising. As a small proportion of the sample indicated 
they had witnessed a crime on campus (3.98% for the Spencer College sample and 4.09% 
for the pooled sample), inferential statistical analysis to determine the correlation 
between intentions and behavior in this sample was impossible. In this dissertation, I 
largely pursued sample generalizability rather than cross-population generalizability 
(Bachman & Schutt, 2015). I used a random sampling process to attempt to provide a 
sample that would accurately represent Spencer College undergraduates, with most 
studies of procedural justice focusing on general adult population samples (e.g., Sunshine 
& Tyler, 2003; Tyler & Fagan, 2008). I realize the limitations of this approach from a 
	   47	  
cross-population generalizability perspective; Spencer College is a public ‘commuter 
school’ in an urban setting. As a result, this project represents preliminary research for a 
larger future project examining this phenomenon across multiple college contexts. While 
the design is not perfect in terms of the pursuit of quantitative validity, my efforts to use 
preexisting measures of several of the key concepts as well as the pretest and debriefing 
process build on the validity of the study.  
 The internal validity of the design is also critical, especially considering the 
experimental aspect of the questionnaire. Kraska and Neuman (2010, pp. 164-166) 
offered 10 threats to internal validity that each experiment should address. To address 
selection bias, I assessed whether I created non-equivalent groups by comparing their 
demographics via chi-squared (χ2) tests as well as comparing the sample to the overall 
Spencer College student population, as discussed above (Bickman & Helwig, 1979; 
Coker et al., 2011) (see Appendix C). As SPSS Version 23 does not report pooled 
parameter estimates for several types of analyses without a foundation of scholarship 
behind averaging the values, I report the results from available case analysis. In terms of 
the Spencer College sample, I found no significant differences across survey versions in 
terms of sex, age, or any of the racial categories in the data (see Appendix C). For the 
pooled sample, I found no significant differences across survey versions in terms of sex, 
age, or any of the racial categories in the data (see Appendix C). In terms of balancing 
experimental mortality/attrition, history, and maturation effects, I selected a cross-
sectional design that should minimize maturation effects, testing effects, diffusion of 
treatment, and experimental mortality while maximizing the possibility of a history 
effect. As a result of the history effect concern, I remained informed of local events 
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during the assessment period. I was primarily concerned about a mass school shooting or 
other major violent crime on a Northeastern college campus, but no such event occurred 
during my data collection. I changed the questionnaire due to a few missed typographic 
errors and issues surrounding the placement of questions, which brings instrumentation 
effects into consideration. However, whether Spencer College participants answered the 
original vs. redesigned version of the survey did not indicate any significant relationships 
with ratings of campus police legitimacy in a linear regression analysis (p = .833) with 
campus police reporting likelihood (p = .349) or with blanket intervening (p = .142) in 
binary logistic regression analyses (see Appendix C). I obtained similar results for the 
pooled sample concerning ratings of campus police legitimacy in a linear regression 
analysis (p = .513) with campus police reporting likelihood (p = .348) and with blanket 
intervention (p = .140) in binary logistic regression analyses (see Appendix C). Due to 
the cross-sectional nature of the design, statistical regression and compensatory behavior 
were nonissues. Finally, the issue of experimenter expectancy is almost nonexistent, as I 
rely on a self-report questionnaire. I remained as neutral and objective as possible in my 
delivery of the instrument, not divulging any hopes for particular findings by relying on a 
standard script.  
Data Analysis Techniques and Plan 
 I assess the predictive power of the unresponsive bystander and procedural justice 
models for indirect bystander intervention behavior. Importantly, the unresponsive 
bystander and procedural justice independent variables are treated as separate influences 
on the same dependent variable. There is no locatable preexisting theoretical or empirical 
work that specified any moderation or mediation relationship between the two models. In 
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addition, the two models specify very different sets of influences on the behavior of 
bystanders: either endogenous variables in the unresponsive bystander model concerning 
the context of the crime or exogenous variables concerning the general ratings of trust in 
authority. In terms of my analysis plan, I focus on regression analysis of the collected 
data. In-text, I focus on the Spencer College sample and provide tables with both the 
Spencer College and pooled samples in Appendix F. While Gau (2014) pursued a 
structural equation modeling (SEM) approach to understand whether specific or general 
procedural justice ratings best predicted different aspects of legitimacy, my data 
collection and analysis relies on a parsimonious model and operationalization with few 
latent constructs.  
Ethical Considerations 
 The important ethical considerations for this dissertation included issues of 
anonymity as well as potential emotional harm. The risk of physical harm to the 
participant was relatively nonexistent given the fact that participation only involved 
completing an anonymous paper survey, and the risk of legal harm was minimal 
considering the anonymous nature of the survey as well as the relatively innocuous nature 
of the topics covered in terms of respondent behavior (Kraska & Neuman, 2010, pp. 79-
80). However, emotional harm was certainly possible as the interview questions and 
topics may have dredged up memories of previous bystander intervention scenarios as 
well as prior victimization. While I understand the emotional weight of asking a 
respondent about prior crime and intervention experiences, the research value to scholars 
interested in the influences of prosocial behavior and the practical value to campus police 
departments working to encourage crime reporting outweighed potential emotional harm. 
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As discussed above, I provided anonymity to respondents to minimize the small potential 
for legal or physical harm in my survey as well as to encourage more forthright responses 
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V. Results 
Scale Reliability Analysis and Descriptive Statistics 
 The descriptive table below focuses on the items involved in the various scales. 
The variables in Table 1 include procedural justice (PJ), distributive fairness (DF), 
legitimacy (L), performance (P), and social desirability (SD). Please see Appendix A for 
the full-text of each question, which includes the 10-item version of the Marlowe-Crown 
Social Desirability Scale, M-C 2(10), as well as adaptations of questions from Reisig et 
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Table I. Descriptive Statistics for Summated Scale Items 
Scale Item N Range Min Max Mean SD Kurtosis Skewness 
Procedural Justice 1 549 3.000 1.000 4.000 3.300 .534 -.101 .711 
Procedural Justice 2 549 3.000 1.000 4.000 3.110 .586 -.296 .978 
Procedural Justice 3 549 3.000 1.000 4.000 3.210 .528 .101 .302 
Procedural Justice 4 547 3.000 1.000 4.000 3.290 .509 .226 -.072 
Procedural Justice 5 551 3.000 1.000 4.000 3.180 .627 -.460 .800 
Procedural Justice 6 542 3.000 1.000 4.000 3.130 .548 -.136 1.083 
Procedural Justice 7 539 3.000 1.000 4.000 2.940 .666 -.583 .997 
Procedural Justice 8 544 3.000 1.000 4.000 3.150 .540 -.183 1.508 
Distributive Fairness 1 543 3.000 1.000 4.000 3.100 .665 -.456 .497 
Distributive Fairness 2 540 3.000 1.000 4.000 3.220 .849 -.875 .020 
Distributive Fairness 3 540 3.000 1.000 4.000 3.390 .757 -1.127 .765 
Legitimacy 1 548 3.000 1.000 4.000 3.240 .512 .121 .750 
Legitimacy 2 546 3.000 1.000 4.000 3.160 .549 -.065 .668 
Legitimacy 3 547 3.000 1.000 4.000 3.200 .546 -.119 .936 
Performance 1 526 3.000 1.000 4.000 3.100 .529 -.130 1.496 
Performance 2 529 3.000 1.000 4.000 3.130 .521 -.081 1.564 
Performance 3 543 3.000 1.000 4.000 3.130 .559 -.093 .614 
Performance 4 534 2.000 2.000 4.000 3.250 .526 .190 -.299 
Performance 5 497 3.000 1.000 4.000 3.110 .489 .165 1.390 
Performance 6 534 3.000 1.000 4.000 3.390 .604 -.687 .853 
Performance 7 546 3.000 1.000 4.000 3.470 .615 -.958 1.058 
Performance 8 547 3.000 1.000 4.000 3.530 .545 -.691 .196 
Performance 9 546 2.000 2.000 4.000 3.380 .539 -.029 -.960 
Performance 10 533 3.000 1.000 4.000 3.190 .508 .024 1.570 
Social Desirability 1 544 1.000 0 1.000 .720 .452 -.956 -1.091 
Social Desirability 2 545 1.000 0 1.000 .410 .491 .386 -1.858 
Social Desirability 3 545 1.000 0 1.000 .500 .500 .018 -2.007 
Social Desirability 4 544 1.000 0 1.000 .850 .356 -1.978 1.920 
Social Desirability 5 544 1.000 0 1.000 .490 .500 .052 -2.005 
Social Desirability 6 544 1.000 0 1.000 .680 .468 -.766 -1.419 
Social Desirability 7 543 1.000 0 1.000 .770 .420 -1.298 -.317 
Social Desirability 8 543 1.000 0 1.000 .840 .371 -1.821 1.320 
Social Desirability 9 543 1.000 0 1.000 .320 .468 .754 -1.437 
Social Desirability 10 543 1.000 0 1.000 .560 .497 -.249 -1.945 
 
Before starting any of the analyses involving the various scales in this research, I 
conducted scale reliability analysis on each of the scales. All of the procedural justice 
scales provided high Cronbach’s alpha levels, which indicates that the scales hold 
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together and the items address the same constructs (see Appendix D). As seen in Table 1, 
all of the Cronbach’s alpha values for these scales range from .731-.915. This is not 
surprising given that all of the questions come from Reisig et al.’s (2007) extensive work 
on building convergent and divergent validity concerning procedural justice measures. 
However, the social desirability scale had a much lower Cronbach’s alpha value of .576. 
While this is not ideal, it is comparable to the figure of .55 found in a similar study by 
Nicksa (2011). As social desirability is being treated as a control rather than a key 
independent variable, this does not seem to be a sizable issue and I retained the summated 
scale. 
Table II. Cronbach’s Alpha for Scales  
Scale Number of Items  Cronbach’s Alpha  
Procedural Justice 8 .915 
Distributive Fairness 3 .731 
Legitimacy 3 .804 
Performance 10 .886 
Social Desirability 10 .576 
 
Turning to a descriptive analysis of all of the summated scales and dichotomous variables 
in this study, I include Table 3. The descriptive data indicate some noteworthy findings. 
The most interesting is the fact that student ratings of the Spencer College Public Safety 
Department are substantially positive with a mean score of 25.350/32 for procedural 
justice, 9.728/12 for distributive fairness, 9.593/12 for legitimacy, and 32.649/40 for 
performance. This is important contextual information for possible generalizability of 
these findings to other campuses where overall support for campus authorities may be 
low. 
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Table III. Descriptive Statistics for Study Variables 
Variable N Range Min Max Mean SD Kurtosis Skewness 
Age 548 28.000 18.000 46.000 21.430 4.063 2.429 8.341 
Sex 550 1.000 0 1.000 .400 .491 .394 -1.852 
Non-White 548 1.000 0 1.000 .770 .421 -1.287 -.344 
Victimization 553 1.000 0 1.000 .620 .486 -.497 -1.759 
High religiosity 550 1.000 0 1.000 .235 .424 1.256 -.423 
Social desirability 538 9.000 1.000 10.000 6.134 2.074 -.319 -.380 
Anonymous 554 1.000 0 1.000 .502 .500 -.007 -2.007 
Group 554 1.000 0 1.000 .502 .500 -.007 -2.007 
Theft 554 1.000 0 1.000 .249 .433 1.163 -.649 
Aggravated assault 554 1.000 0 1.000 .255 .436 1.130 -.725 
Indecent exposure 554 1.000 0 1.000 .249 .433 1.163 -.649 
Gun possession 554 1.000 0 1.000 .247 .432 1.175 -.622 
Theft x Group 554 1.000 0 1.000 .125 .331 2.280 3.211 
Aggravated assault x 
Group 554 1.000 0 1.000 .126 .333 2.255 3.098 
Indecent exposure x 
Group 554 1.000 0 1.000 .128 .335 2.231 2.988 
Gun possession x Group 554 1.000 0 1.000 .123 .328 2.306 3.328 
Height 538 2.210 4.790 7.000 5.525 .341 .524 .282 
Weight 526 249.000 71.000 320.000 155.823 38.542 1.030 1.672 
Bystander training 547 1.000 0 1.000 .373 .484 .527 -1.729 
Procedural justice 531 22.000 10.000 32.000 25.350 3.598 .134 .543 
Distributive fairness 537 8.000 4.000 12.000 9.728 1.832 -.450 -.662 
Legitimacy 545 6.000 6.000 12.000 9.593 1.364 .398 -.198 
Performance 487 21.000 19.000 40.000 32.649 3.854 .106 -.034 
 
Missing Data 
 As this survey not only allowed students to skip any question they wanted but to 
avoid entire sections of the instrument, missing data were present. I considered several 
options for dealing with the missing data in SPSS Version 23. I chose multiple 
imputation as the best response to this issue, as it retains the initial sample size without 
the issue with variation reduction in mean replacement. The missing data indicated an 
arbitrary pattern, with less than 7% of cases in the Spencer College sample and less than 
8% in the Guster College sample following a consistent sequence (see Appendix E). The 
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Spencer College data included 25.99% missing cases and the Guster College data 
provided 45.12%. White, Royston, and Wood (2010) stated the number of imputations 
should equal the percentage of missing cases. As a result, I generated 50 imputations with 
100 iterations between each. I used SPSS Version 23 to generate a fully conditional 
specification of the missing values for my key independent and control variables, 
excluding the variable of income due to issues concerning comprehension discussed 
below. Fully conditional specification allows for both dichotomous and continuous types 
of variables contained in my data (White et al.). The fully conditional specification uses 
logistic regression to impute binary variables with missing values and linear regression to 
impute continuous variables. In the results section, I provide parameter estimates pooled 
across the multiple imputations when available through SPSS Version 23.    
Multicollinearity 
 I examined multicollinearity in a variety of ways. Firstly, I used a multiple linear 
regression equation with all of the variables in the full model to provide the variance 
inflation factor (VIF) scores. For the full model, the spectrum of VIF scores is from 1.02-
4.138. The mean VIF score was 2.22. However, this is an inflated figure due to the model 
design. All of the variables with VIF scores above 3 were dummy variables or interaction 
terms between dummy variables. Secondly, I examined the Pearson’s correlations 
between all the continuous independent variables in the various models. The continuous 
variables with bivariate correlations above .3 included distributive fairness and 
legitimacy (r = .362), distributive fairness and performance (r = .422), procedural justice 
and distributive fairness (r = .506), height and weight (r = .579), procedural justice and 
legitimacy (r = .644), procedural justice and performance (r = .655), and legitimacy and 
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performance (r = .758). Of all of these correlations and potential for multicollinearity, the 
most concerning was the strong relationship between legitimacy and performance. As 
some researchers controlled for police performance in their tests of the procedural justice 
mediational model (e.g., Tyler & Fagan, 2008; Sunshine & Tyler, 2003), the original 
design called for controlling for performance when evaluating the power of legitimacy to 
predict cooperation. However, due to the very substantial correlation between 
performance and legitimacy, I decided to run models both including and excluding this 
variable. This is an important theoretical issue for the procedural justice mediational 
model, as the formulation provided by Tyler and colleagues in recent tests (e.g., Tyler & 
Fagan; Sunshine & Tyler) argued and provided results that supported the conclusion that 
legitimacy is a stronger predictor of cooperation than police performance or 
effectiveness.  
Control Variables Binary Logistic Regression Analysis 
My first regression model accounts for the control variables (Model 1). I exclude 
the variable of income as there appeared to be a great deal of confusion about whether the 
question pertained to the student’s personal income, the income of their caregivers, or a 
combination of both.  
Logit (campus police indirect intervention) = bo + b1x1 (age) + b2x2 (sex) + b3x3 
(non-White) + b4x4 (prior victimization) + b5x5 (religiosity) + b6x6 (social 
desirability) 
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Some recent and similar studies found no two-way interactions with gender (Brewster & 
Tucker, 2015; Nicksa, 2014). Despite this pattern, I examined potential interactions with 
racial minority status and biological sex in this model; none are significant. The odds of 
reporting for racial minorities are .615 times those of Caucasians, controlling for the 
other variables (p = .034).1 In addition, a one-unit increase in the social desirability score 
is associated with about a 15% increase in the odds of stating they would report the 
campus crime, controlling for the other variables (p = .003). No other control variables 
are significant at the .05 alpha level (See Table 4).  
Table IV. Binary Logistic Regression Analyses Predicting Reporting to Spencer College 
Public Safety Department (Model 1 n =554) 
Independent Variables B SE Exp(B) 
Constant .178 .562 1.195 
Age -.009 .023 .991 
Male .156 .189 1.169 
Non-White -.485* .229 .615 
Victimization  .290 .190 1.337 
High religiosity -.014 .219 .986 
Social desirability .139** .046 1.149 
  
Average -2 Log Likelihood                                      
691.037  
Average Nagelkerke R2                                                                           
.036  
Average Cox & Snell R2                                                 .026 
*p ≤ .05. **p ≤ .01. ***p ≤ .001. 
 
Antecedents of Campus Police Legitimacy Regression Analyses 
As in the control model above, the vast majority of the analyses discussed in this 
dissertation concern the outcome variable of third-party campus crime reporting. 
	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  
1 I treat ‘race’ as a binary variable concerning being non-White as none of the racial categories are  
significant predictors of either campus police reporting or blanket intervention when entered together in a 
multivariate analysis. I also treat ‘religiosity’ as a binary variable concerning whether the respondent 
indicated religion was very important in their life as when I entered the four categories together as 
predictors none of them were significant predictors at the alpha level of .05. 
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However, this section of the results concerns the procedural justice mediational model’s 
theorized antecedents of police legitimacy. As a result, I alter the dependent variable to 
address the theorized mediational relationship between procedural justice, legitimacy, 
and reporting likelihood. I first test the predictive power of general ratings of the 
procedural justice of Spencer College Department of Public Safety on reporting 
likelihood (Model 2):  
 Logit (campus police indirect intervention) = bo + b18 x18 (campus police 
 procedural justice) 
Table V. Binary Logistic Regression Analyses Predicting Reporting to Spencer College 
Public Safety Department (Model 2 n =554) 
Independent Variables B SE Exp(B) 
Constant -1.031 .662 .357 
Procedural justice .068** .026 1.071 
 
Average -2 Log Likelihood                                       698.525 
Average Nagelkerke R2                                                    .018 
Average Cox & Snell R2                                                   .013 
*p ≤ .05. **p ≤ .01. ***p ≤ .001. 
 
In concert with the procedural justice mediational model, procedural justice ratings are 
predictive of campus police indirect intervention, with a one-unit increase in the 
procedural justice summated scale producing a 7.1% increase in odds of reporting the 
crime to campus authorities (p = .009). This finding provides evidence for the initial 
theorized relationship between the independent variable of procedural justice and 
reporting likelihood. 
In order to establish a significant relationship between the independent variable 
and the mediating variable, I assess the predictive power of general procedural justice 
ratings on legitimacy ratings in a linear regression model, to reflect the non-dichotomous 
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nature of the mediating variable of legitimacy. In accordance with the procedural justice 
mediational model, procedural justice ratings are predictive of legitimacy ratings of the 
campus authorities (p < .001). In support of Hypothesis #1, for each unit change in the 
procedural justice ratings the legitimacy ratings increase by .244 units. 
I then assess the theorized mediational relationship by placing both the procedural 
justice and legitimacy variables into a logistic regression analysis, with legitimacy fully 
mediating the impact of procedural justice and reducing it to non-significance (Model 3):  
 Logit (campus police indirect intervention) = bo + b18 x18 (campus police 
 procedural justice) + b21 x21 (campus police legitimacy) 
As posited by the procedural justice mediational model, legitimacy ratings fully mediate 
the influence of procedural justice ratings on the likelihood of reporting to campus 
authorities, reducing it to non-significance (p = .368). Importantly, legitimacy ratings are 
not predictive of campus police reporting likelihood when controlling for procedural 
justice, although the p-value approaches significance and the relationship is in the 
hypothesized direction (p = .075).  
Table VI. Binary Logistic Regression Analyses Predicting Reporting to Spencer College 
Public Safety Department (Model 3 n =554) 
Independent Variables B SE Exp(B) 
Constant -1.601* .736 .202 
Procedural justice .031 .034 1.031 
Legitimacy .160 .090 1.173 
 
Average -2 Log Likelihood                                      695.212 
Average Nagelkerke R2                                                   .026 
Average Cox & Snell R2                                                 .019 
*p ≤ .05. **p ≤ .01. ***p ≤ .001. 
 
After testing for and finding that legitimacy ratings fully mediated the influence of 
procedural justice ratings on the likelihood of campus police reporting, I conduct more 
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complete analyses of the antecedents of campus police legitimacy. The model below 
includes the control variables as well as distributive fairness and police performance 
evaluations (Model 4)2: 
ŷ (campus police legitimacy) = bo + b1x1 (age) + b2x2 (male) + b3x3 (Non-White) + 
b4x4 (prior victimization) + b5x5 (high religiosity) + b6x6 (social desirability) + b19 
x19 (campus police performance) + b20 x20 (campus police distributive fairness)+ 
b21 x21 (campus police procedural justice) 
I also investigated whether any of the variable relationships with legitimacy are 
moderated by racial minority status or sex; none of the interactions are significant. The 
adjusted R2 values ranged from .601-.635 across imputations with a mean adjusted R2 of 
.618, indicating that about 62% of the variance in legitimacy was predicted by the set of 
independent variables. The only significant control variables in Model 4 were high 
religiosity (p = .003) and non-Caucasian status (p = .048). Students who stated that 
religion was very important in their lives were more likely than their less religious peers 
to view the campus police as legitimate (B = .261), controlling for the other variables. 
Racial minority students were less likely than Caucasian students to view the campus 
police as legitimate (B = -.177), controlling for other variables. In addition, procedural 
justice is a highly significant predictor of legitimacy (p < .001). One unit change in 
procedural justice ratings produced a .102 unit change in legitimacy ratings, controlling 
for the control variables as well as distributive fairness and performance ratings. This 
	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  
2 Most of the assumptions of linear regression appear to be met in the data. The most extreme Durbin-
Watson statistic value across imputations was 1.941 and the average was 2.002, indicating no significant 
issue with autocorrelation and that residuals are independent. The maximum VIF value across imputations 
was 2.130 and the average was 1.288, indicating no significant issue with multicollinearity. The largest 
maximum Cook’s distance value across imputations was .054, indicating no values had undue influence on 
the model. The normal P-P plots and histograms indicate normally distributed residuals. However, non-
linearity and heteroscedasticity may be an issue in the data as patterns emerge in the predicted by residual 
scatterplots.  
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provides additional support for Hypothesis #1. However, police performance was also a 
very significant predictor of legitimacy ratings (p < .001). One unit change in police 
performance ratings produced a .209 unit change in legitimacy ratings, controlling for the 
other variables (see Table 7).   
Table VII. OLS Regression Analyses Predicting Legitimacy Ratings of Spencer College 
Public Safety Department (Model 4 n =554) 
Independent Variables B SE β 
Constant .617 .415  
Age -.011 .010 -.033 
Male .038 .076 .014 
Non-White -.177* .089 -.055 
Victimization  .023 .077 .008 
High religiosity .261** .089 .082 
Social desirability .009 .019 .013 
Performance .209*** .013 .589 
Distributive fairness -.018 .025 -.024 
Procedural justice .102*** .015 .268 
 
Average R2                                                                      .624 
Average Adjusted R2                                                       .618 
*p ≤ .05. **p ≤ .01. ***p ≤ .001. 
 
Situational Factors Binary Logistic Regression Analyses 
Following the analyses addressing the antecedents of campus police legitimacy, I 
turn to analyses focused on predicting student reporting using situational factors in the 
crime vignette. More recent work on the bystander effect emphasizes an interaction 
between the severity of the crime and the impact of group size on helping likelihood 
(Fischer et al., 2011), with more dangerous scenarios showing a reduction in the social 
inhibition of helping. The reasoning behind this interaction varies, but one possibility is 
that as the level of danger increases, individual bystanders begin considering other 
bystanders as a resource for assisting the victim. In this model, I examine the predictive 
power of the experimentally-varied independent variables relating to the unresponsive 
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bystander model on the outcome of campus police indirect intervention, controlling for 
the control variables (Model 5): 
Logit (campus police indirect intervention) = bo + b1x1 (age) + b2x2 (male) + b3x3 
(non-White) + b4x4 (prior victimization) + b5x5 (high religiosity) + b6x6 (social 
desirability) + b7 x7 (anonymity) + b8 x8 (group size) + b9 x9 (aggravated assault) + 
b10 x10 (indecent exposure) + b11 x11 (gun possession) + b12x8 * x9 (group size x 
aggravated assault) + b13x8 * x10 (group size x indecent exposure) + b14x8 * x11 
(group size x gun possession) 
Figure 2. Model 5 diagram. 
 
As in the control variables model, the only statistically significant control variables are 
minority status and social desirability. I also analyzed potential interactions between sex 
and minority status with the new set of variables. Once again, none of them are 
significant. In Model 5, the odds of non-Caucasians reporting are .627 times the odds for 
Caucasians, controlling for the other factors (p = .050). A one-unit increase in the social 
desirability score produces a 16.1% increase in the odds of students stating they would 
report the campus crime, controlling for the other variables (p = .002). In terms of the 
vignette variables, I examine whether students presented with the indecent exposure, 
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state they will report compared to their peers in the petty theft category. As the petty theft 
category provides the least serious crime context, I used this as the reference or baseline 
category. The odds of students presented with the aggravated assault condition stating 
they would report their campus crime are about 4.290 times the odds for those presented 
with the theft vignette, controlling for the other study variables (p < .001). In addition, the 
odds of students in the gun possession condition stating they would report their campus 
crime are about 5.135 times the odds for those presented with the theft vignette, 
controlling for the other study variables (p < .001). These findings provide partial support 
for Hypothesis #3, as the indecent exposure scenario does not differ significantly from 
the theft condition in terms of reporting (see Table 8).  
Bystander group status does not significantly predict hypothetical reporting to 
campus authorities, violating Hypothesis #5. Students presented with a group context are 
not significantly less likely than their peers presented with the solo context to state they 
would report their crime, controlling for the other factors. Students presented with the 
anonymous conditions are not significantly more likely to report than their peers 
presented with the public identity conditions, supporting Hypothesis #6. In terms of 
Hypothesis #4, the interactions between the categorical dummy variables concerning 
crime type and group status are not significant at the .05 alpha level. As such, the 
hypothesized interaction where group status would serve as a resource in more serious 
crime contexts is not supported (see Table 8). While pseudo-R2 figures can be difficult to 
interpret, the control variables only model (Model 1) Nagelkerke R2 value of .036 
increases to .130 in Model 2 (See Tables IV and VIII).  
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Table VIII. Binary Logistic Regression Analyses Predicting Reporting to Spencer 
College Public Safety Department (Model 5 n =554) 
Independent Variables B SE Exp(B) 
Constant -.979 .645 .376 
Age -.007 .024 .993 
Male .154 .198 1.166 
Non-White -.467* .239 .627 
Victimization  .313 .199 1.368 
High religiosity .011 .228 1.012 
Social desirability .149** .049 1.161 
Anonymous .334 .191 1.396 
Group .501 .353 1.651 
Aggravated assault 1.456*** .385 4.290 
Indecent exposure .330 .352 1.391 
Gun possession 1.636*** .393 5.135 
Aggravated assault x Group -.591 .543 .554 
Indecent exposure x Group -.144 .503 .866 
Gun possession x Group -.822 .546 .439 
 
Average -2 Log Likelihood                                         651.409 
Average Nagelkerke R2                                                      .130 
Average Cox & Snell R2                                                    .093 
*p ≤ .05. **p ≤ .01. ***p ≤ .001. 
 
Student-Department Impressions Factors Binary Logistic Regression Analyses 
 As discussed in the section concerning the antecedents of legitimacy, the 
procedural justice mediational model receives substantial support when considering the 
influence of procedural justice on legitimacy ratings. This section moves to address the 
second half of the model, concerning the influence of legitimacy perceptions on 
willingness to cooperate in the future, while controlling for the control variables (Model 
6): 
Logit (campus police indirect intervention) = bo + b1x1 (age) + b2x2 (male) + b3x3 
(Non-White) + b4x4 (prior victimization) + b5x5 (high religiosity) + b6x6 (social 
desirability) + b20 x20 (campus police distributive fairness)+ b21 x21 (campus police 
legitimacy) 
	   65	  
I examined potential interactions between sex and minority status with the new set of 
variables and none are significant. In Model 6, the odds of a minority student reporting 
are .630 times the odds for a Caucasian student, controlling for the other factors (p = 
.046). A one-unit increase in the social desirability score is associated with a 13% 
increase in the odds of students stating they would report the campus crime, holding the 
other factors constant (p = .012). A one-unit increase in legitimacy ratings results in a 
19.4% increase in the odds of reporting, controlling for the other variables (p = .019). 
This provides substantial support for Hypothesis #2. Legitimacy ratings are predictive of 
reporting likelihood, controlling for the control variables as well as distributive fairness 
ratings (see Table 9).  
Table IX. Binary Logistic Regression Analyses Predicting Reporting to Spencer College 
Public Safety Department (Model 6 n =554) 
Independent Variables B SE β 
Constant -1.862 .958 .155 
Age .002 .024 1.002 
Male .135 .191 1.145 
Non-White -.462* .231 .630 
Victimization  .289 .192 1.335 
High religiosity -.044 .222 .957 
Social desirability .120** .048 1.127 
Distributive fairness .025 .056 1.025 
Legitimacy .178* .076 1.194 
 
Average -2 Log Likelihood                                         683.546 
Average Nagelkerke R2                                                      .054 
Average Cox & Snell R2                                                    .039 
*p ≤ .05. **p ≤ .01. ***p ≤ .001. 
 
I also ran a model with the police performance variable included to reflect the complete 
procedural justice theoretical model (Model 7): 
Logit (campus police indirect intervention) = bo + b1x1 (age) + b2x2 (male) + b3x3 
(Non-White) + b4x4 (prior victimization) + b5x5 (high religiosity) + b6x6 (social 
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desirability) + b19 x19 (campus police performance) + b20 x20 (campus police 
distributive fairness) + b21 x21 (campus police legitimacy) 
Figure 3. Model 7 diagram. 
 
I investigated potential interactions of sex and race with the added variable of police 
performance and neither was significant. As expected due to issues of multicollinearity, 
legitimacy becomes non-significant in the model including performance (p = .219). Non-
White undergraduates’ odds of reporting are .624 times those of White college students, 
controlling for the other variables (p = .042). A one-unit increase in the social desirability 
scale produces a 12.6% increase in the odds of campus police indirect intervention, 
holding the other variables constant (p = .013). The more complete model provides little 
support for the procedural justice mediational model and rejects Hypothesis #2, albeit 
with the caveat of multicollinearity. Model fit does not seem to substantially increase 
with the addition of the police performance variable when examining the pseudo R2 
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Table X. Binary Logistic Regression Analyses Predicting Reporting to Spencer College 
Public Safety Department (Model 7 n =554) 
Independent Variables B SE β 
Constant -2.088* 1.048 .124 
Age .002 .024 1.002 
Male .131 .191 1.140 
Non-White -.471* .232 .624 
Victimization  .285 .192 1.330 
High religiosity -.034 .223 .967 
Social desirability .118** .048 1.126 
Distributive fairness .017 .058 1.018 
Legitimacy .136 .110 1.145 
Performance .022 .041 1.022 
 
Average -2 Log Likelihood                                         683.100 
Average Nagelkerke R2                                                     .056 
Average Cox & Snell R2                                                   .040 
*p ≤ .05. **p ≤ .01. ***p ≤ .001. 
 
 
Full Model Binary Logistic Regression Analyses 
As seen in the models above, both the situational factors offered by the 
unresponsive bystander model and the student-campus police evaluation variables 
provided by the procedural justice model carry significant weight in predicting indirect 
intervention. I now turn to the cluster of variables concerning bystander characteristics, 
controlling for the prior groups of situational and undergraduate-public safety impression 
variables.3 I examined potential interactions between sex and minority status with the 
added variables concerning bystander training and physical size. As before, none of them 
are significant. These final models allow for direct comparison between the influence of 
the situational, bystander characteristics, and student-public safety evaluation factors in 
	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  
3 I treat ‘respondent knowledge’ as a binary variable concerning having experience with the military, 
police, medical professions, training in bystander intervention or active shooter scenarios as none of the 
these individual dummy variables are significant predictors of campus police reporting or blanket 
intervention at the alpha level of .05 when entered together in a multivariate analysis.  
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their prediction of student reporting likelihood. Model 8 excludes police performance 
from the full model: 
Logit (campus police indirect intervention) = bo + b1x1 (age) + b2x2 (male) + b3x3 
(Non-White) + b4x4 (prior victimization) + b5x5 (high religiosity) + b6x6 (social 
desirability) + b7 x7 (anonymity) + b8 x8 (group size) + b9 x9 (aggravated assault) + 
b10 x10 (indecent exposure) + b11 x11 (gun possession) + b12x8 * x9 (group size x 
aggravated assault) + b13x8 * x10 (group size x indecent exposure) + b14x8 * x11 
(group size x gun possession) + b15 x15 (respondent height) + b16 x16 (respondent 
weight) + b17 x17 (bystander training) + b20 x20 (campus police distributive 
fairness)+ b21 x21 (campus police legitimacy) 
None of the independent variables concerning bystander characteristics are significant 
predictors of reporting to the campus police. The odds of a minority student reporting are 
.605 times the odds of a Caucasian undergraduate reporting, controlling for the other 
factors (p = .042). A one-unit increase in the social desirability score is associated with a 
14.0% in the odds of reporting, holding other variables constant (p = .009). The odds of 
students presented with the aggravated assault condition indirectly intervening are 4.521 
times the odds of those presented with the theft scenario, controlling for the other study 
variables (p < .001). In addition, the odds of students in the gun possession condition 
stating they are likely to report are 5.419 times those of their peers in the theft vignette (p 
< .001). These findings provide additional but partial support for Hypothesis #3 (See 
Table 11). Providing more evidence for Hypothesis #2, legitimacy is predictive of 
reporting behaviors, with a one-unit increase in legitimacy producing a 19.9% increase in 
the odds of reporting (p = .023).  
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Table XI. Binary Logistic Regression Analyses Predicting Reporting to Spencer College 
Public Safety Department (Model 8 n =554) 
Independent Variables B SE Exp(B) 
Constant -.652 2.443 .521 
Age -.002 .025 .998 
Male .235 .282 1.265 
Non-White -.502* .247 .605 
Victimization  .242 .205 1.274 
High religiosity -.007 .232 .994 
Social desirability .131** .050 1.140 
Anonymous .331 .194 1.392 
Group .598 .358 1.818 
Aggravated assault 1.509*** .391 4.521 
Indecent exposure .425 .358 1.529 
Gun possession 1.690*** .397 5.419 
Aggravated assault x Group -.740 .551 .477 
Indecent exposure x Group -.245 .511 .783 
Gun possession x Group -.909 .551 .403 
Height -.526 .452 .591 
Weight .004 .003 1.004 
Bystander training .167 .208 1.182 
Distributive fairness .011 .059 1.011 
Legitimacy .182* .080 1.199 
 
Average -2 Log Likelihood                                         642.362 
Average Nagelkerke R2                                                      .150 
Average Cox & Snell R2                                                    .108 
*p ≤ .05. **p ≤ .01. ***p ≤ .001. 
 
Model 9 examines the same nested model but with the addition of the police 
performance variable: 
Logit (campus police indirect intervention) = bo + b1x1 (age) + b2x2 (male) + b3x3 
(Non-White) + b4x4 (prior victimization) + b5x5 (high religiosity) + b6x6 (social 
desirability) + b7 x7 (anonymity) + b8 x8 (group size) + b9 x9 (aggravated assault) + 
b10 x10 (indecent exposure) + b11 x11 (gun possession) + b12x8 * x9 (group size x 
aggravated assault) + b13x8 * x10 (group size x indecent exposure) + b14x8 * x11 
(group size x gun possession) + b15 x15 (respondent height) + b16 x16 (respondent 
weight) + b17 x17 (bystander training) + b19 x19 (campus police performance) + 
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 b20 x20 (campus police distributive fairness) + b21 x21 (campus police legitimacy) 
Figure 4. Model 9 diagram. 
 
In Model 9, neither the situational variables from the unresponsive bystander 
model, the bystander characteristics variables, nor the student impressions of public 
safety variables fare particularly well. In particular, I reject Hypothesis #7 as respondent 
training or experience in military, police, medical professions, as well as bystander 
intervention education do not significantly influence the stated likelihood of reporting in 
the vignette scenarios (p = .418). I reject Hypothesis #8 due to respondent height (p = 
.252) and weight (p = .211) being unrelated to hypothetical reporting behavior. As in 
Model 7, I partially reject Hypothesis #2; legitimacy ratings are not a significant predictor 
of reporting likelihood when including performance in the model (p = .234). 
The odds of racial minority students reporting are .600 times those of White 
students, controlling for the other factors (p = .039). A one-unit increase in the social 
desirability score yields a 13.8% increase in reporting odds, holding the other variables 
constant (p = .010). The odds of students presented with the aggravated assault condition 
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variables (p < .001). In addition, the odds of students in the gun possession condition 
reporting are 5.478 times the odds for students presented with the theft condition, holding 
the other factors constant (p < .001). These findings provide additional but partial support 
for Hypothesis #3 (see Table 12). The full model, including variables concerning 
bystander characteristics, situational factors, and impressions of the campus police 
provides a Nagelkerke R2 value of .151. Notably, this is virtually identical to the figure 
provided by Model 8, which excludes the problematic police performance variable.   
Table XII. Binary Logistic Regression Analyses Predicting Reporting to Spencer 
College Public Safety Department (Model 9 n =554) 
Independent Variables B SE Exp(B) 
Constant -.940 2.499 .391 
Age -.001 .025 .999 
Male .227 .283 1.255 
Non-White -.510* .248 .600 
Victimization  .237 .205 1.268 
High religiosity .005 .234 1.005 
Social desirability .130** .050 1.138 
Anonymous .334 .194 1.397 
Group .612 .359 1.844 
Aggravated assault 1.497*** .391 4.468 
Indecent exposure .427 .359 1.533 
Gun possession 1.701*** .397 5.478 
Aggravated assault x Group -.739 .551 .478 
Indecent exposure x Group -.260 .512 .771 
Gun possession x Group -.933 .553 .393 
Height -.519 .453 .595 
Weight .004 .003 1.004 
Bystander training .168 .208 1.183 
Distributive fairness .003 .061 1.003 
Legitimacy .137 .115 1.147 
Performance .023 .043 1.023 
 
Average -2 Log Likelihood                                         641.915 
Average Nagelkerke R2                                                      .151 
Average Cox & Snell R2                                                    .109 
*p ≤ .05. **p ≤ .01. ***p ≤ .001. 
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Blanket Indirect Intervention Binary Logistic Regression Analysis 
After examining the full models concerning contacting campus police, and testing 
the relative predictive power of the unresponsive bystander and procedural justice models 
along with the influence of bystander characteristics, I analyze student likelihood to 
indirectly intervene in several ways (‘blanket indirect intervention’).4 In this model, I 
exclude the procedural justice variables (as they focus on evaluations of the campus 
authorities and not on the library staff and municipal police) and examine the predictive 
power of unresponsive bystander variables and individual-level bystander characteristics 
for blanket indirect intervention to replicate prior analyses of the unresponsive bystander 
model (Model 10): 
Logit (blanket indirect intervention) = bo + b1x1 (age) + b2x2 (male) + b3x3 (Non-
White) + b4x4 (prior victimization) + b5x5 (high religiosity) + b6x6 (social 
desirability) + b7 x7 (anonymity) + b8 x8 (group size) + b9 x9 (aggravated assault) + 
b10 x10 (indecent exposure) + b11 x11 (gun possession) + b12x8 * x9 (group size x 
aggravated assault) + b13x8 * x10 (group size x indecent exposure) + b14x8 * x11 
(group size x gun possession) + b15 x15 (respondent height) + b16 x16 (respondent 





	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  
4 As before, I examined potential interactions with the demographic variables of sex and race. I found a 
significant interaction between minority status and anonymity when entered with the other potential 
interactions, with minority students demonstrating an increased and positive impact of anonymity on their 
likelihood of reporting. However, when I entered the interaction into the model with the other model 
variables, it became non-significant. As a result, I excluded it from the model and Table 11.  
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Figure 5. Model 10 diagram. 
 
A similar pattern of relationships emerges when I operationalize hypothetical indirect 
intervention as students stating they were very likely to report to the local police, a 
member of the library staff, and/or a member of the campus police force. The odds of 
racial minority students indirectly intervening are .483 times the odds for their White 
peers (p = .026). As in the previous models, social desirability is a significant predictor of 
hypothetical reporting, with a one-point increase in the social desirability score yielding a 
14.3% increase in the odds of hypothetical reporting (p = .023). As in the models focused 
exclusively on campus police reporting, the odds of students presented with the 
aggravated assault condition stating they are likely to report are 4.775 times the odds of 
students in the theft condition (p = .002). The odds of undergraduates in the gun 
possession condition reporting are 6.339 times the odds for their peers presented with the 
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Table XIII. Binary Logistic Regression Analyses Predicting Reporting to Spencer 
College Public Safety Department, Local Police, or Library Staff (Model 10 n =554) 
Independent Variables B SE Exp(B) 
Constant -.315 2.803 .730 
Age .010 .031 1.011 
Male -.117 .336 .890 
Non-White -.728* .326 .483 
Victimization  .446 .246 1.562 
High religiosity .173 .286 1.188 
Social desirability .133* .059 1.143 
Anonymous .438 .237 1.550 
Group .234 .392 1.264 
Aggravated assault 1.563** .510 4.775 
Indecent exposure .763 .424 2.146 
Gun possession 1.847*** .542 6.339 
Aggravated assault x Group -.827 .680 .437 
Indecent exposure x Group -.646 .588 .524 
Gun possession x Group -.963 .711 .382 
Height -.016 .540 .984 
Weight .002 .004 1.002 
Bystander training -.022 .251 .978 
 
Average -2 Log Likelihood                                         474.454 
Average Nagelkerke R2                                                      .122 
Average Cox & Snell R2                                                    .074 
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VI. CONCLUSION/DISCUSSION 
Unresponsive Bystander Model and Respondent Characteristics 
 In order to discuss the dissertation findings in both a comprehensive and efficient 
manner, I divided my analysis of the results into two main sections. This section deals 
with the variables most relevant to the unresponsive bystander model as well as the 
general field of bystander intervention research. In terms of my specific hypotheses and 
this test of the unresponsive bystander model, solo bystanders are not significantly more 
likely to state they would contact the campus authorities than those in a group of four 
other bystanders. In addition to the analyses described above, I also examined whether 
the influence of group size varied when examining individual crime types. No significant 
relationships emerged. In violation of Hypothesis #5, the processes of diffusion of 
responsibility, evaluation apprehension, and pluralistic ignorance do not seem to operate 
in a significant manner in this empirical evaluation. This variable is never significant in 
any of the model tests and the results run counter to the unresponsive bystander model 
with the group size variable always producing a positive influence on reporting 
likelihood. Arguably, this is not due to an issue with the theory but with the methodology 
of this test. While the unresponsive bystander model and the impact of bystander group 
size received a great deal of support from experimental tests involving staged crimes and 
emergency situations (e.g., Fischer et al., 2011; Latané & Nida, 1981; Schwartz & 
Gottlieb, 1976, 1980), tests of the impact of this variable in hypothetical vignette studies 
are lacking. Potentially, the presence of other bystanders is not a salient variable in a 
vignette study but is more influential in experimental contexts involving real-world 
encounters. 
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Towards supporting Hypothesis #6, anonymous bystanders are not significantly 
more likely than their public peers to state they would report a witnessed campus crime. 
As with the group size variable, I examined whether the influence of anonymity differed 
in any of the four crime types. Anonymity remained a non-significant influence in these 
models. Notwithstanding potential concerns about the proper methodological approach 
for testing this model, across all but one of the logistic regression models including these 
variables with the Spencer College and pooled sample data, anonymity fails to predict 
hypothetical reporting to campus authorities. The one exception to this overall pattern 
involves a more traditional test of the unresponsive bystander model, with the blanket 
intervention of reporting to campus authorities, city police, or a member of the library 
staff. In this test (Model 10b, see Appendix F), anonymity is a significant predictor of 
blanket intervention for the pooled sample, with the odds of anonymous bystanders 
stating they would report the campus crime 1.601 times the odds of students told their 
names would be published in a news report (p = .032). The anonymity variable produced 
consistently positive (albeit usually non-significant) relationships with reporting 
likelihood. The very partial support for the impact of anonymity on reporting indicates 
that the theorized mechanism of evaluation apprehension may be significant for college 
students reporting campus crimes. The empirical literature offers both experimental and 
survey or vignette based tests of the influence of anonymity on intervention (Bickman & 
Helwig, 1977; Nicksa, 2014; Schwartz & Gottlieb, 1976, 1980). Nicksa’s (2014) study 
involving survey data found that anonymity was not a significant predictor of 
hypothetical intervention. Bickman and Helwig (1977) also found that anonymity failed 
to predict intervention in a staged shoplifting scenario. Schwartz and Gottlieb’s (1976; 
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1980) findings indicated counter-theoretical findings, with anonymity actually 
discouraging bystander intervention in specific contexts. In terms of the specific 
hypotheses in this study, the central arguments offered by Latané and Darley (1970) do 
not receive substantial support.  
Moving to variables of concern for more contemporary tests of the unresponsive 
bystander model, Hypothesis #3 receives partial support across the various model tests, 
with the aggravated assault and weapon possession on a college campus conditions 
demonstrating very strong relationships with reporting likelihood. In a more limited 
model including these dummy variables (Model 5), the odds of respondents in the 
aggravated assault conditions reporting are approximately four times the odds for their 
peers in the theft conditions. The odds of participants in the gun possession conditions 
reporting are about five times the odds for respondents in the theft crime conditions. The 
continued significance of these relationships in the most complete model (Model 9) 
indicates the robustness of the variable of crime severity in predicting third party 
reporting. While several past studies informed this hypothesis (DeJong et al., 1980; 
Moriarty, 1975; Schwartz & Gottlieb, 1976; 1980; Schwarz et al., 1980), they do not 
provide direct comparisons of reporting likelihood across crime types. As I substantially 
derived the design of this dissertation from Nicksa (2014), and she provides such a 
comparison, it is essential to discuss my findings in relation to her work. 
Nicksa (2014) focused on three crime types: an uncertain sexual assault, an 
aggravated assault, and a theft. As in my data, Nicksa found that of these three crime 
contexts, students presented with the aggravated assault stated the highest likelihood of 
reporting (mean reporting likelihood of 6.210 out of a possible score of 7 in this study). 
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For Nicksa, the theft condition produced a significantly higher reporting likelihood than 
that of the ambiguous sexual assault (p. 226). In this sense, my data do not replicate 
Nicksa’s findings as the indecent exposure context provided a positive but non-
significant relationship with reporting likelihood across all of the models, when compared 
to students in the theft condition. However, it is important to differentiate the sex crime 
conditions in the two studies. Nicksa’s sex crime involved a potential rape scenario that 
was purposefully vague, including alcohol consumption in a party context, and occurring 
out of sight from the hypothetical bystander. My sex crime condition involves a clear-cut 
example of indecent exposure, with a student revealing his genitalia to a female student 
in the college library. Arguably, the significantly higher reporting likelihood of the theft 
over the sexual assault in Nicksa’s study is due to the ambiguity of the crime. In the case 
of my study, students do not view the indecent exposure incident (mean reporting 
likelihood of 5.540) and the petty theft (mean reporting likelihood of 5.360) as requiring 
differing levels of reporting probability. As one of the contributions of this study is the 
addition of the gun possession crime condition (mean reporting likelihood of 6.120), no 
comparisons are possible with past survey or experimental research. However, the highly 
and consistently significant relationship between this crime type and reporting indicates 
that students at Spencer College and Guster College take this crime very seriously.  
Hypothesis #4 receives no support in this study, with the various interactions 
between the group condition and the crime types remaining non-significant across many 
of the models. Yet, in two models involving the pooled data (Models 8b and 9b), 
interactions between the aggravated assault and group conditions as well as the gun 
possession and group conditions are significant and negative, indicating that the positive 
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influence of group size on reporting is reduced in the contexts of these two serious 
crimes. The hypothesized moderation relationship with bystanders being perceived as a 
resource in serious crime contexts receives not only a lack of support but evidence 
running counter to the hypothesis. Once again, prior support for this hypothesis relied on 
the experimental method, with Harari et al. (1985) demonstrating that groups of young 
men were more likely to intervene in a staged sexual assault than those encountering the 
situation alone (p. 656). Fischer et al.’s (2011) meta-analysis of bystander intervention 
studies also indicated this potential relationship with the more extreme crime or 
emergency contexts showing an attenuated negative relationship between group size and 
helping (pp. 523-527). Importantly, as with the other variables in the bystander 
intervention literature, participants encountering the vignette in a survey may not react in 
a similar way to those engaging with a staged crime. However, the evidence from a direct 
comparison of stated intentions and bystander behaviors in Bickman and Helwig (1979) 
indicates that these are significantly correlated with one another (p. 291).  
Turning to the last set of hypotheses derived from the bystander intervention 
literature, bystander training in a variety of different areas, including military experience, 
police experience, medical training, bystander intervention training and active shooter 
training does not provide a significant impact on reporting likelihood. Even in a very 
limited model including only these training variables, none of them are significant 
predictors. This finding runs counter to a large group of work focused on sexual assault 
and sexual assault bystander intervention training (e.g., Banyard et al., 2007; Banyard et 
al., 2009; Langhinrichsen-Rohling et al., 2011; Moynihan et al., 2010) as well as a paper 
focused on trained nurses (Cramer et al., 1988) and one concerning real-world interveners 
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(Huston et al., 1981). However, tests of the impact of bystander training more in line with 
this survey design indicate similar results (Brewster & Tucker, 2015; Laner et al., 2001). 
As a result, this study joins a pattern of research that rejects the influence of bystander 
training in cross-sectional designs targeting individuals’ willingness to report witnessed 
crime.  
Keeping with the theme of bystander characteristics logically tied to reporting 
behaviors, bystander height and weight are not significant in any of the models. As a 
result, Hypothesis #8 receives no support in this study. This is not a unique finding, as the 
significant relationship between physical size and bystander behavior emerges from a 
post-hoc study of interveners (Huston et al., 1981) while survey designs from Brewster 
and Tucker (2015) as well as Laner et al. (2001) found that height was not a significant 
positive predictor of intervention likelihood. Overall, these various indicators of 
bystander characteristics are not influential in hypothetical decision making. As a result, 
future studies should continue to control for these factors while considering other 
potential characteristics that may hold predictive sway.  
Procedural Justice Mediational Model 
 This section focuses on variables central to the procedural justice mediational 
model. However, before delving into the influence of student impression of campus 
safety, it is important to discuss the significant control variables. Two control variables 
are consistently significant across the various models in this dissertation. Not 
surprisingly, the social desirability scale is predictive of the pro-social behavior of third-
party reporting. These findings make the necessity of including a social desirability scale 
in similar vignette studies transparent. More surprisingly, respondent race (when 
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operationalized as a Caucasian-racial minority binary) is a significant predictor of 
campus reporting, with minority students demonstrating a reduced likelihood in reporting 
campus crimes. Other procedural justice scholars have found negative and statistically 
significant relationships between racial minority status and police cooperation with non-
campus samples, suggesting that minorities may be less willing to cooperate with the 
police in a variety of ways (Reisig et al., 2007, Sunshine & Tyler, 2003, although see 
Tyler & Fagan, 2008; Kochel et al., 2013). The mixed findings in the empirical literature 
indicate some ambiguity about the relationship between bystander race and willingness to 
report crime.  
Minority students also show a significantly lowered trust in the campus police in 
relation to their Caucasian peers. This is not entirely shocking, as Sunshine and Tyler 
(2003) found African-Americans have significantly lower impressions of police 
legitimacy. However, most other studies of the procedural justice model find non-
significant relationships between racial minority status and legitimacy evaluations with 
non-college populations (Nix et al., 2015; Tyler & Fagan, 2008; Wolfe et al., 2015) as 
well as with a study of an undergraduate sample (Lee et al., 2015). One of the potential 
explanations for this relationship is that minority students are conflating opinions of the 
campus authorities with their views of the local municipal police. As lack of knowledge 
concerning the difference between college police and the city police was a potential 
concern voiced by my committee, I was able to examine this potential explanation with 
an interaction between race and responses to a question concerning whether the city 
police and Spencer College Public Safety were separate institutions. The regression 
results indicate that students who do not understand the difference between the local 
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police and the campus authorities are not significantly more likely to rate the campus 
authorities as having lowered legitimacy. In addition, there is no significant interaction 
between race and this particular misunderstanding when predicting student trust in 
campus police. Vitally, while the overall levels of perceived legitimacy and reporting 
likelihood are significantly lower for racial minority students, race does not moderate the 
relationships between the key variables in the procedural justice model. As a result, and 
in keeping with prior scholarship that specifically examined interactions between race 
and the procedural justice model variables (Sunshine & Tyler, 2003; Tyler & Fagan, 
2008), the path towards building legitimacy and a strong reporting base of students 
appears similar for both racial majority and racial minority undergraduates.  
The first component of the mediational model specified by Tyler and Blader 
(2003) is the relationship between a citizen’s evaluation of the quality of treatment and 
decision-making evidenced by the police force and their trust in the department. In this 
extension of the model to campus authorities, general procedural ratings do significantly 
predict views of departmental legitimacy, in a very limited test (Model 2) as well as a 
more comprehensive model including control variables (Model 4). Supporting 
Hypothesis #1 in the more complete model, a one-unit increase in the procedural justice 
scale results in a .102 unit change in legitimacy ratings (p < .001), controlling for the 
control variables as well as distributive justice and perceived effectiveness. This finding 
is in concert with the majority of the procedural justice literature and tests of the model 
focusing on municipal authorities (Gau, 2015; Lee et al., 2015; Nix et al., 2015; Reisig et 
al., 2007; Reisig & Lloyd, 2009; Sunshine & Tyler, 2003; Taylor & Lawton, 2012; Tyler 
& Fagan, 2008; Wolfe et al., 2015).  
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Distributive fairness remains non-significant in this study and a weaker predictor 
of legitimacy than procedural justice, as indicated by other studies of the model (Nix et 
al., 2015; Reisig et al., 2007; Reisig & Lloyd, 2009; Sunshine & Tyler, 2003; Tyler & 
Fagan, 2008; Wolfe et al., 2015). However, procedural justice ratings are not the 
strongest predictor of legitimacy, with the police performance or effectiveness variable 
holding more predictive influence. One unit change in police performance ratings 
produces a .209 unit change in legitimacy ratings, controlling for the other variables (p < 
.001). In other studies that measured and controlled for performance ratings, performance 
was a weaker predictor of legitimacy than procedural justice for municipal police 
departments (Lee et al., 2015; Sunshine & Tyler, 2003; Tyler & Fagan, 2008; Wolfe et 
al., 2015) and a national police force (Kochel et al., 2013). Extending the model to 
campus policing, performance or effectiveness appears to be a highly significant and 
important predictor of students’ trust in the department alongside evaluations relating to 
procedural justice.  
 As predicted by the procedural justice model, legitimacy evaluations fully 
mediate the impact of procedural justice ratings on reporting likelihood (Model 3). In 
addition, legitimacy ratings are predictive of campus police reporting in models 
excluding the problematic police performance variable (Models 6 and 8). As discussed 
above, the performance and legitimacy summated scales are highly correlated in this 
study and reveal an issue with multicollinearity. In the models that contain the police 
performance variable, neither performance nor legitimacy are significant predictors of 
cooperation (Models 7 and 9). Focusing on the models without the police performance 
variable, a one-unit increase in legitimacy ratings produces about a 19% increase in the 
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odds of reporting for Model 6 (p = .019) and about a 20% increase in Model 8 (p = .023), 
controlling for the other variables. These findings provide support for extending the last 
component of the procedural justice mediational model to campus authorities, joining 
other scholarship focused on city police forces (Reisig et al., 2007; Sunshine & Tyler, 
2003; Tyler & Fagan, 2008) and national police forces (Kochel et al., 2013).  
Study Limitations 
 Firstly, the most significant limitation of this study relates to the vignette design. 
Obviously, the external validity of a survey in relation to an experiment involving staged 
crimes is diminished. However, as Nicksa (2014) discussed, surveys allow for the study 
of a diverse range of crimes and contextual variables without the risks and ethical issues 
associated with field experiments. Staging events involving (rubber) guns on campus or 
(fake) bloody assaults on undergraduate students generate a myriad of ethical issues, and 
make the use of the field experiment all but inconceivable. Secondly, while the process 
for selecting course sections was random, professor responses for requests to present the 
survey and student participation were unlikely to be random. As a result, it was important 
to compare the demographics of the survey sample to those of Spencer College as a 
whole. As discussed in the section concerning the reliability and validity of the study, the 
sample does appear to represent the school in terms of age, sex, and race, albeit with a 
much larger groups of multiracial students than would be expected with data from Fall 
2014. Despite this analysis and the simple random sampling of course sections, 
nonresponse bias may be present in this study involving a volunteer sample at two stages. 
What would normally represent a limitation of a college population is actually a strength 
and requirement in this study, as I am specifically addressing student views of campus 
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authorities and how those impact their willingness to cooperate with the public safety 
department. The third main limitation of the study is the focus on urban and commuter 
campuses in the Northeast. Certainly, the results may differ in more suburban or rural 
contexts with residential student populations, as students would encounter public safety 
officers in a wide variety of contexts outside of those in the educational centers of 
campus (as in Jacobsen, 2015). This is an area of future exploration and requires a multi-
site project involving various configurations of these factors.  
Contributions to the Literature and Policy Implications 
 This study addresses several significant gaps in the academic literature. By 
providing the first quantitative study to assess the full procedural justice model in the 
campus police context, this research provides a useful template for future quantitative 
scholarship that seeks to extend this model to non-municipal law enforcement contexts 
(e.g., Transportation Security Administration; U.S. Customs and Border Protection, etc.). 
In addition, this research evaluates the relative predictive power of two influential social 
psychological theories for indirect intervention, while also examining the influence of 
bystander characteristics. The unresponsive bystander model does not receive substantial 
support while the procedural justice mediational model extends appropriately to this 
context, with the qualification of the emphasis on public safety effectiveness or 
performance as a predictor of trust in campus authorities. These main contributions to the 
academic literatures concerning bystander intervention and procedural justice provided 
the impetus for this study and drove my interest in the topic and approach. As illustrated 
by Hart and Miethe (2008; 2011), the opportunities for bystander intervention in the 
context of violent victimization are considerable. While examples of direct physical 
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intervention are quite famous, the current policy emphasis on civic responsibility focuses 
on indirect intervention (e.g. ‘See Something, Say Something’ policies). Researchers and 
policy makers must be able to understand whether situational factors, the characteristics 
of the bystander, or evaluations of the police by the public are the most powerful 
predictors of third-party reporting. In this study, the situational factors of crime severity 
and the views of students concerning their trust in the campus police held a great deal of 
influence for their responses to hypothetical campus crimes. The background training and 
physical size of the bystander as well as the situational factors of the size of the bystander 
group and the identity protection of the bystander were largely non-significant.  
 The policy relevance of this study is perhaps its greatest strength. There are 
implications resulting from the analysis of previous factors studied in the bystander 
intervention literature: anonymity, group size, and bystander training and physical size. In 
terms of anonymity, the policy of making crime reporters and witnesses anonymous has 
not received the empirical support that these programs seem to require (Bickman & 
Helwig, 1979; Nicksa, 2014; Schwartz & Gottlieb, 1976, 1980), and this dissertation 
provides limited support for anonymity encouraging third party reporting in one analysis 
of the pooled sample (Model 10b). This variable certainly requires additional study with a 
variety of populations, but my findings indicate that anonymity may be valuable as a 
general policy if colleges are looking to encourage students to report ongoing crimes on 
campus. While bystander education and training programs hold a great deal of promise 
for increasing helpful bystander attitudes and behaviors around sexual assault (Banyard et 
al., 2007; Banyard et al., 2009; Gidycz et al., 2011; Langhinrichsen-Rohling et al., 2011; 
Moynihan et al., 2010), training does not appear to influence third-party reporting of non-
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sexual assault in past studies (Brewster & Tucker, 2015; Laner et al., 2001) or the variety 
of crimes in this research.  
 Finally, the findings concerning procedural justice and willingness to rely upon 
the campus police hold considerable policy significance. A small but growing body of 
experimental research has begun to explore how procedural justice training positively 
impacts officer views on proper interactions with the public (Skogan, Van Craen, & 
Hennessy, 2014) as well as more behavioral measurements of quality of interactions in 
role-playing scenarios as well as with real-world victims (Wheller, Quinton, Fildes, & 
Mills, 2013). Campus police forces serve a mix of individuals from different parts of the 
surrounding area, brought together for a variety of reasons into one fixed location. As a 
result, the campus police encounter the ‘baggage’ each civilian brings from their 
respective neighborhood and municipal police precinct. In this respect, campus public 
safety departments at commuter schools provide a unique case to test the procedural 
justice model, as interactions between campus police and civilians are limited to the time 
civilians spend on campus. Police officers, regardless of their particular jurisdiction or 
title, are tasked with service provision to the public. In this context, mostly populated by 
young individuals, campus police departments have the opportunity to build their 
information-sharing network through procedurally just encounters with students.  
If campus public safety departments want to increase reporting by students, the 
findings from this study indicate appropriate relationship building via respectful 
treatment and fair decision-making that encourages trust in the department. As Tyler and 
colleagues point out (e.g., Sunshine & Tyler, 2003; Tyler & Fagan, 2008), manipulating 
the conclusions of encounters with the public and ensuring everyone walks away pleased 
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is difficult to impossible to achieve. However, the practical attractiveness of procedural 
justice theory is the focus on the subjective quality of the method of delivery of police 
service over civilian ratings of the conclusions of these encounters. Students in this study 
valued the quality of treatment and decision-making as more essential to their trust in the 
campus police than distributive fairness. However, this study also indicates that 
departments must be careful to manage student impressions of their effectiveness fighting 
crime and mitigating student fear to build their legitimacy as well as the information-
sharing practices of their population. This is a much more difficult task to set before 
campus authorities, and may encourage additional impression management more than 
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VII. APPENDIX A: SURVEY INSTURMENT 
Calling Campus Police Survey Introduction 
THE	  CITY	  UNIVERSITY	  OF	  NEW	  YORK	  
The	  Graduate	  School	  and	  University	  Center	  
Ph.D.	  Program	  in	  Criminal	  Justice	  
	  
ORAL	  OR	  INTERNET	  BASED	  INFORMED	  CONSENT	  SCRIPT	  
	  
Title	  of	  Research	  Study:	   Calling	  Campus	  Police:	  A	  Test	  of	  Procedural	  Justice	  	  
	   	   	   	   and	  Unresponsive	  Bystander	  Models	  
	  
Principal	  Investigator:	   Michael	  Aiello,	  MA	  





You	  are	  being	  asked	  to	  participate	  in	  this	  research	  study	  because	  I	  am	  interested	  in	  
Spencer	   College	   undergraduate	   students	   views	   on	   campus	   crime.	   The	   purpose	   of	  
this	  research	  study	  is	  to	  better	  understand	  student	  willingness	  to	  report	  crimes	  that	  
occur	  on	  campus.	  If	  you	  agree	  to	  participate,	  I	  will	  ask	  you	  to	  fill	  out	  an	  anonymous	  
survey	   that	   will	   take	   approximately	   10-­‐15	   minutes	   to	   complete.	   There	   are	   no	  
foreseeable	   research-­‐related	   risks	   as	   survey	   respondents	   will	   remain	   anonymous	  
and	  there	  will	  be	  no	  way	  to	  identify	  individual	  respondents.	  However,	  students	  may	  
encounter	  psychological	  or	  emotional	  discomfort	  when	  reading	  parts	  of	  the	  survey	  
concerning	   crime	   situations	   and	   prior	   experiences	   with	   crime.	   If	   the	   topics	   or	  
questions	  covered	  in	  the	  survey	  lead	  to	  participants	  experiencing	  discomfort,	  please	  
contact	  Spencer	  College’s	  Counseling	  Services	  Center	  (Room	  L	  68.00)	  for	  assistance.	  
Your	  participation	  in	  this	  research	  is	  voluntary.	  If	  you	  have	  any	  questions,	  you	  can	  
contact	  me,	  Michael	  Aiello,	  at	   the	  email:	  maiello@gradcenter.cuny.edu.	   If	  you	  have	  
any	  questions	  about	  your	  rights	  as	  a	  research	  participant	  or	  if	  you	  would	  like	  to	  talk	  
to	   someone	   other	   than	   the	   researchers,	   you	   can	   contact	   Research	   Compliance	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Calling Campus Police Survey Instrument 
 
Please note: Only students 18 or older may take this survey. 
 
Have you previously participated in this study? 
1) Yes 
2) No 
If your answer is ‘Yes,’ please refrain from filling out the survey again. 
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Section 1 Crime Scenario and Citizen Responses: This section will cover a crime 
scenario and allow you to rate the likelihood that you would report the crime to several 
different individuals. Please answer honestly and provide your best estimate for each 
question. Remember, if at any point you are uncomfortable with a survey question or the 
survey itself, you may discontinue your participation. Please circle your choice clearly.  
 
Versions 1-4: You are [sitting alone vs. sitting with four unknown students] at the 
campus library one afternoon when you notice a 20-year-old Caucasian male 
student in a corner at the back of the library taking an iPhone out of a 20-year-old 
Caucasian female student’s purse while she leaves for a minute to make a 
photocopy. The male student shoves the iPhone into his pocket and hurriedly 
walks off toward another section of the library. You know that your identity will [be 
made public through a news report vs. remain unknown to the victim, offender, 
other bystanders, and law enforcement officers]. 
 
Considering this situation, what is your likelihood of reporting the crime to a Spencer 
College Department of Public Safety officer, through your phone or in person, rated on a 
scale from 1-7, with 1 being extremely unlikely, 2 being very unlikely, 3 being somewhat 















1 2 3 4 5 6 7 
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Considering this situation, what is your likelihood of reporting the crime to a City Police 
Department (CPD) officer, through your phone or in person, rated on a scale from 1-7, 
with 1 being extremely unlikely, 2 being very unlikely, 3 being somewhat unlikely, 4 














1 2 3 4 5 6 7 
 
 
Considering this situation, what is your likelihood of reporting the crime to a member of 
the library staff, through your phone or in person, rated on a scale from 1-7, with 1 being 
extremely unlikely, 2 being very unlikely, 3 being somewhat unlikely, 4 being unsure, 5 
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Versions 5-8: You are [sitting alone vs. sitting with four unknown students] at the 
campus library one afternoon when you hear someone shouting in a corner at 
the back of the library. When you turn to see what is going on, you see a 20-
year-old Caucasian male student is huddled over and beating up a 20-year-old 
Caucasian female student who is trying to defend herself against the attack. The 
female student on the ground is bleeding, and it is clear she has been injured. 
You know that your identity will [be made public through a news report vs. remain 
unknown to the victim, offender, other bystanders, and law enforcement officers]. 
 
Considering this situation, what is your likelihood of reporting the crime to a Spencer 
College Department of Public Safety officer, through your phone or in person, rated on a 
scale from 1-7, with 1 being extremely unlikely, 2 being very unlikely, 3 being somewhat 
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Considering this situation, what is your likelihood of reporting the crime to a City Police 
Department (CPD) officer, through your phone or in person, rated on a scale from 1-7, 
with 1 being extremely unlikely, 2 being very unlikely, 3 being somewhat unlikely, 4 














1 2 3 4 5 6 7 
 
 
Considering this situation, what is your likelihood of reporting the crime to a member of 
the library staff, through your phone or in person, rated on a scale from 1-7, with 1 being 
extremely unlikely, 2 being very unlikely, 3 being somewhat unlikely, 4 being unsure, 5 
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Versions 9-12: You are [sitting alone vs. sitting with four unknown students] when 
you hear someone shouting from a corner in the back of the library. When you 
turn to see what is going on, you see a 20-year-old Caucasian male student has 
his pants down and is exposing himself to a Caucasian female student. You 
know that your identity will [be made public through a news report vs. remain 
unknown to the victim, offender, other bystanders, and law enforcement officers]. 
 
Considering this situation, what is your likelihood of reporting the crime to a Spencer 
College Department of Public Safety officer, through your phone or in person, rated on a 
scale from 1-7, with 1 being extremely unlikely, 2 being very unlikely, 3 being somewhat 
























	   96	  
Considering this situation, what is your likelihood of reporting the crime to a City Police 
Department (CPD) officer, through your phone or in person, rated on a scale from 1-7, 
with 1 being extremely unlikely, 2 being very unlikely, 3 being somewhat unlikely, 4 














1 2 3 4 5 6 7 
 
 
Considering this situation, what is your likelihood of reporting the crime to a member of 
the library staff, through your phone or in person, rated on a scale from 1-7, with 1 being 
extremely unlikely, 2 being very unlikely, 3 being somewhat unlikely, 4 being unsure, 5 
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Versions 13-16: You are [sitting alone vs. sitting with four unknown students] 
when, at a nearby desk, you see a 20-year-old Caucasian male student open 
their backpack. You see several cartridges of ammunition as well as some 
handguns in their backpack before they close the bag. Afterwards, the male 
student hurriedly walks off toward another section of the library. You know that 
your identity will [be made public through a news report vs. remain unknown to 
the victim, offender, other bystanders, and law enforcement officers]. 
 
Considering this situation, what is your likelihood of reporting the crime to a Spencer 
College Department of Public Safety officer, through your phone or in person, rated on a 
scale from 1-7, with 1 being extremely unlikely, 2 being very unlikely, 3 being somewhat 
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Considering this situation, what is your likelihood of reporting the crime to a City Police 
Department (CPD) officer, through your phone or in person, rated on a scale from 1-7, 
with 1 being extremely unlikely, 2 being very unlikely, 3 being somewhat unlikely, 4 














1 2 3 4 5 6 7 
 
 
Considering this situation, what is your likelihood of reporting the crime to a member of 
the library staff, through your phone or in person, rated on a scale from 1-7, with 1 being 
extremely unlikely, 2 being very unlikely, 3 being somewhat unlikely, 4 being unsure, 5 
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Section 2 Crime Experiences, Training, and Views on the Law and Criminal Justice: 
This section will cover your experiences with crime, your training in various types of 
medical and self-defense practices, as well as your opinions about the campus police at 
Spencer College. Please answer honestly, provide your best estimate for each question, 
and consider that we are discussing Spencer College’s Department of Public Safety. If 
you have limited experience with Spencer College’s Department of Public Safety, please 
provide your opinion to the best of your knowledge. Remember, if at any point you are 
uncomfortable with a survey question or the survey itself, you may discontinue your 
participation. Please circle your choice clearly. 
 
Please rate your level of agreement with the following statements about Spencer 
College Department of Public Safety officers on a 1-4 scale, with 1 being strongly 
disagree, 2 being disagree, 3 being agree, and 4 being strongly agree. 
 
The Spencer College campus public safety officers… 
Strongly 
disagree Disagree Agree 
Strongly 
agree 
1. Treat students with respect 1               2              3             4 
2. Take time to listen to students 1               2              3             4 
3. Treat students fairly 1               2              3             4 
4. Respect students’ rights 1               2              3             4 
5. Are courteous with students they come into 
contact with 
1               2              3             4 
6. Make decisions based upon the facts 1               2              3             4 
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Please rate your level of agreement with the following statements about Spencer 
College’s Department of Public Safety on a 1-4 scale, with 1 being strongly 
disagree, 2 being disagree, 3 being agree, and 4 being strongly agree. 
 
Strongly 
disagree Disagree Agree 
Strongly 
agree 
7. Explain their decisions to the 
students they deal with 
1               2              3             4 
8. Make decisions to handle problems fairly 1               2              3             4 
9. Provide the same quality of 
service to all students 
1               2              3             4 
10. Treat students differently based on race 1               2              3             4 
11. Treat students differently based on income 1               2              3             4 
12. Student’s basic rights are well protected by 
the campus public safety department 
    1                2              3             4 
13. The campus public safety department can be 
trusted to make decisions that are right for 
Spencer College 
    1                2              3             4 
14. Most campus public safety officers at 
Spencer College do their job well 
    1                2              3             4 
15. The campus public safety department 
responds promptly to calls about crime 
    1                2              3             4 
	  






16. The campus public safety department is 
always ready to provide satisfactory 
assistance to victims of crime 
    1                2              3             4 
17. The campus public safety department is 
always able to provide the assistance 
students need from them 
    1                2              3             4 
18. The campus public safety department is 
doing well in controlling violent crime 
    1                2              3             4 
19. Crime levels on campus have changed for 
the better in the last year 
    1                2              3             4 
20. There are not many instances of crime on 
campus  
    1                2              3             4 
21. I feel safe walking on campus at night     1               2              3             4 
22. Overall Spencer College is a good place to 
go to school in terms of security 
    1                2              3             4 
23. Overall the campus public safety 
department is doing a good job  
    1                2              3             4 
24. When the campus public safety officers stop 
people they usually handle the situation well  
    1                2              3             4 
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Please disclose your experiences with crime and law enforcement during your 
lifetime.  
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Please only answer questions 4 and 5 if you answered ‘Yes’ to question 3.  
 
4. Did you report the campus crime you witnessed to an officer of Spencer College’s 




5. Did you report the campus crime you witnessed to an officer of the City Police 















	   	   	  104	  
Section 3 Demographic Information: This section will cover basic demographic 
information relevant to the study, including race, sex, income, as well as several other 
topics. Please answer honestly and provide your best estimate for each question. 
Remember, if at any point you are uncomfortable with a survey question or the survey 
itself, you may discontinue your participation. Please circle your choice clearly.  
 




2. What is your age? 
______ 
 




4. What is your race, circling all categories that apply? 
1) White 
2) Black/African-American 
3) American Indian/Alaska Native 
4) Asian  
5) Native Hawaiian/Other Pacific 
Islander 
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5. What was your personal household income in 2014? 













14) 75,000 and over
 
6. What level of experience do you have in law enforcement occupations (such as 
volunteer/auxiliary police officer, police officer, sheriff’s deputy, state police officer, 
federal law enforcement)? 
1) No experience 
2) Internship  
3) Part-time work 
4) Full-time work 
 
7. What level of experience do you have in emergency/medical services occupations 
(such as nurse, doctor, EMT)? 
1) No experience 
2) Internship  
3) Part-time work 
4) Full-time work 
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8. What level of experience do you have in military occupations (such as the Army, 
Navy, Air Force, Marine Corps, Coast Guard)? 
1) No experience 
2) Internship  
3) Part-time work 
4) Full-time work 
 
9. Have you received any training in bystander intervention (such as Green Dot training, 























       1                 2                  3                 4 
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12. What is your height, in feet and inches? 
_____ ’ _____ ” 
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Listed below are a number of statements concerning personal attitudes and 
traits. Please read each item and decide whether the statement is true or false as 
it pertains to you personally. 
14. I never hesitate to go out of my way to help 
someone in trouble.  
 
True            False 
15. I have never intensely disliked anyone.  True            False 
16. There have been times when I was quite jealous of 
the good fortune of others.  
 
True            False 
17. I would never think of letting someone else be 
punished for my wrong doings.  
 
True            False 
18. I sometimes feel resentful when I don’t get my 
way.  
True            False 
19. There have been times when I felt like rebelling 
against people in authority even though I knew they 
were right.  
 
 
True            False 
20. I am always courteous, even to people who are 
disagreeable.  
 
True            False 
21. When I don’t know something I don’t at all mind 
admitting it.  
 
True            False 
22. I can remember “playing sick” to get out of 
something.  
 
True            False 
23. I am sometimes irritated by people who ask favors 
of me.  
 
True            False 
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24. What is your major at Spencer College? 
1) Anthropology (BA) 
2) Computer Science and 
Information Security (BS) 
3) Computer Information Systems in 
Criminal Justice and Public 
Administration (BS) 
4) Correctional Studies (BS)  
5) Criminal Justice (BA) (Crime 
Control and Prevention) 
6) Criminal Justice (BS) 
(Institutional Theory and Practice) 
7) Criminal Justice Management 
(BS) 
8) Criminology (BA) 
9) Culture and Deviance Studies 
(BA) 
10) Economics (BS) 
11) English (BA)  
12) Fire and Emergency Service 
(BA) 
13) Fire Science (BS) 
14) Forensic Psychology (BA) 
15) Forensic Science (BS) 
16) Gender Studies (BA) 
17) Global History (BA) 
18) Humanities and Justice (BA)  
19) International Criminal Justice 
(BA) 
20) Latin American and Latina/o 
Studies (BA) 
21) Law and Society (BA) 
22) Philosophy (BA)  
23) Police Studies (BS) 
24) Political Science (BA) 
25) Public Administration (BS) 
26) Security Management (BS) 
27) Sociology (BA) 
28) Other – Specify: ________




VII. APPENDIX B: GUSTER COLLEGE AND SPENCER COLLEGE 
COMPARISONS  
 
Case Processing Summary 
 
Cases 
Valid Missing Total 




636 100.0% 0 0.0% 636 100.0% 
 
GUSTER COLLEGE * CAMPUSPOLICEBI Crosstabulation 
Count   
 
CAMPUSPOLICEBI 
Total .00 1.00 
GUSTER 
COLLEGE 
0 185 369 554 
1 27 55 82 
Total 212 424 636 
 
Chi-Square Tests 










a 1 .933   
Continuity 
Correctionb .000 1 1.000   
Likelihood Ratio .007 1 .933   
Fisher's Exact 
Test    1.000 .521 
Linear-by-Linear 
Association .007 1 .933   
N of Valid Cases 636     
a. 0 cells (0.0%) have expected count less than 5. The minimum expected count is 
27.33. 






Nominal by Nominal Phi .003 .933 
Cramer's V .003 .933 






Case Processing Summary 
 
Cases 
Valid Missing Total 
N Percent N Percent N Percent 
GUSTER COLLEGE * 
BLANKETINTERVENE 636 100.0% 0 0.0% 636 100.0% 
 
GUSTER COLLEGE * BLANKETINTERVENE Crosstabulation 
Count   
 
BLANKETINTERVENE 
Total .00 1.00 
GUSTER 
COLLEGE 
0 98 456 554 
1 14 68 82 
Total 112 524 636 
 
Chi-Square Tests 










a 1 .891   
Continuity 
Correctionb .000 1 1.000   
Likelihood Ratio .019 1 .891   
Fisher's Exact 
Test    1.000 .517 
Linear-by-Linear 
Association .019 1 .891   
N of Valid Cases 636     
a. 0 cells (0.0%) have expected count less than 5. The minimum expected count is 
14.44. 






Nominal by Nominal Phi .005 .891 
Cramer's V .005 .891 








IX. APPENDIX C: RELIABILITY AND VALIDITY DIAGNOSITICS  
 









t Sig. B Std. Error Beta 
Original data 1 (Constant) 9.676 .232  41.774 .000 
VERSION=1.0 -.040 .330 -.007 -.122 .903 
VERSION=2.0 -.048 .325 -.009 -.147 .883 
VERSION=3.0 .095 .325 .017 .292 .770 
VERSION=4.0 -.616 .330 -.108 -1.866 .063 
VERSION=5.0 .181 .325 .033 .556 .579 
VERSION=6.0 .066 .325 .012 .204 .838 
VERSION=7.0 -.019 .325 -.003 -.059 .953 
VERSION=8.0 .588 .328 .104 1.796 .073 
VERSION=9.0 -.418 .335 -.071 -1.247 .213 
VERSION=10.0 -.235 .328 -.042 -.718 .473 
VERSION=11.0 -.334 .325 -.060 -1.026 .305 
VERSION=12.0 .009 .325 .002 .028 .977 
VERSION=13.0 .129 .323 .024 .400 .690 
VERSION=14.0 -.222 .330 -.039 -.672 .502 
VERSION=15.0 -.583 .333 -.101 -1.752 .080 
Pooled 1 (Constant) 9.667 .231  41.912 .000 
VERSION=1.0 -.025 .328  -.076 .939 
VERSION=2.0 -.039 .324  -.120 .905 
VERSION=3.0 .104 .324  .321 .748 
VERSION=4.0 -.595 .328  -1.817 .069 
VERSION=5.0 .187 .324  .576 .565 
VERSION=6.0 .075 .324  .233 .816 
VERSION=7.0 -.010 .324  -.032 .975 
VERSION=8.0 .588 .325  1.807 .071 
VERSION=9.0 -.393 .335  -1.175 .240 
VERSION=10.0 -.230 .325  -.708 .479 
VERSION=11.0 -.325 .324  -1.001 .317 
VERSION=12.0 .017 .323  .052 .959 
VERSION=13.0 .138 .322  .429 .668 
VERSION=14.0 -.213 .329  -.647 .518 
VERSION=15.0 -.570 .332  -1.718 .086 




Selection Bias: Spencer College Sample 
 
SEX * VERSION Crosstabulation 
Count   
Imputation Number 
VERSION 
Total 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 
Original data SEX FEMALE 20 24 19 25 18 24 21 20 19 20 21 17 20 22 22 16 328 
MALE 14 11 15 9 16 10 14 15 13 15 14 19 16 11 11 19 222 
Total 34 35 34 34 34 34 35 35 32 35 35 36 36 33 33 35 550 
Pooled SEX FEMALE 20 24 19.5 25 19.4 24.4 21 20 19 20 21 17 20 22 22 16 330.4 
MALE 14 11 15.5 9 16.6 10.6 14 15 13 15 14 19 16 11 11 19 223.6 
Total 34 35 35 34 36 35 35 35 32 35 35 36 36 33 33 35 554 
 
Chi-Square Tests 




Original data Pearson Chi-Square 13.336a 15 .576 
Likelihood Ratio 13.491 15 .564 
Linear-by-Linear 
Association 1.529 1 .216 
N of Valid Cases 550   
a. 0 cells (.0%) have expected count less than 5. The minimum expected count is 12.92. 
 
Symmetric Measures 
Imputation Number Value Approximate Significance 
Original data Nominal by Nominal Phi .156 .576 
Cramer's V .156 .576 






















AGE * VERSION Crosstabulation 




Total 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 
Original 
data 
AGE 18 8 6 9 6 6 10 11 6 7 7 6 6 7 5 8 9 117 
19 2 8 4 8 9 7 9 7 8 8 7 6 3 7 2 8 103 
20 5 3 6 6 3 4 5 4 5 2 3 3 7 3 4 4 67 
21 4 3 6 3 5 4 2 2 4 5 7 5 2 4 5 3 64 
22 1 6 1 5 4 4 2 8 2 5 1 4 3 2 2 7 57 
23 4 4 3 2 0 0 1 2 1 4 0 1 4 4 0 1 31 
24 1 1 1 0 1 2 1 1 1 0 4 5 3 1 5 1 28 
25 2 1 0 2 1 3 0 2 1 2 2 1 4 1 3 0 25 
26 2 0 0 0 1 0 1 1 2 0 0 1 1 1 0 0 10 
27 0 0 0 1 0 0 0 0 0 0 2 0 0 0 0 0 3 
28 1 0 1 0 0 0 0 0 0 0 0 2 0 0 0 0 4 
29 2 1 1 1 1 0 0 0 0 0 2 0 0 1 1 1 11 
30 0 0 1 0 1 0 1 0 1 0 0 0 0 1 0 0 5 
31 0 1 1 0 1 1 0 0 0 0 0 0 0 0 0 0 4 
32 1 1 0 0 1 0 0 0 0 1 1 0 1 0 1 0 7 
33 0 0 0 0 0 0 0 0 0 0 0 0 0 1 0 0 1 
34 0 0 0 0 0 0 0 0 0 0 0 1 1 1 0 0 3 
35 0 0 0 0 0 0 0 1 0 0 0 0 0 0 0 0 1 
37 0 0 0 0 0 0 0 0 0 0 0 0 0 1 0 0 1 
38 0 0 0 0 0 0 1 1 0 0 0 0 0 0 0 0 2 
42 0 0 0 0 0 0 0 0 0 1 0 0 0 0 0 0 1 
44 0 0 0 0 0 0 0 0 0 0 0 1 0 0 0 0 1 
45 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 1 1 
46 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 1 
Total 34 35 34 34 34 35 34 35 32 35 35 36 36 33 31 35 548 
Pooled AGE 18 8 6 9 6 6 10 11 6 7 7 6 6 7 5 8 9 117 
19 2 8 4 8 9 7 9 7 8 8 7 6 3 7 2 8 103 
20 5 3 6 6 3 4 5 4 5 2 3 3 7 3 4 4 67 
21 4 3 6 3 5 4 2 2 4 5 7 5 2 4 5 3 64 
22 1 6 1 5 4 4 2 8 2 5 1 4 3 2 2 7 57 
23 4 4 3 2 0 0 1 2 1 4 0 1 4 4 0 1 31 
24 1 1 1 0 1 2 1 1 1 0 4 5 3 1 5 1 28 
25 2 1 0 2 1 3 0 2 1 2 2 1 4 1 3 0 25 
26 2 0 0 0 1 0 1 1 2 0 0 1 1 1 0 0 10 
27 0 0 0 1 0 0 0 0 0 0 2 0 0 0 0 0 3 
28 1 0 1 0 0 0 0 0 0 0 0 2 0 0 0 0 4 
29 2 1 1 1 1 0 0 0 0 0 2 0 0 1 1 1 11 
30 0 0 1 0 1 0 1 0 1 0 0 0 0 1 0 0 5 
31 0 1 1 0 1 1 0 0 0 0 0 0 0 0 0 0 4 
32 1 1 0 0 1 0 0 0 0 1 1 0 1 0 1 0 7 
33 0 0 0 0 0 0 0 0 0 0 0 0 0 1 0 0 1 
34 0 0 0 0 0 0 0 0 0 0 0 1 1 1 0 0 3 
35 0 0 0 0 0 0 0 1 0 0 0 0 0 0 0 0 1 
37 0 0 0 0 0 0 0 0 0 0 0 0 0 1 0 0 1 
38 0 0 0 0 0 0 1 1 0 0 0 0 0 0 0 0 2 
42 0 0 0 0 0 0 0 0 0 1 0 0 0 0 0 0 1 
44 0 0 0 0 0 0 0 0 0 0 0 1 0 0 0 0 1 
45 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 1 1 
46 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 1 











Original data Pearson Chi-Square 339.064a 345 .580 
Likelihood Ratio 266.237 345 .999 
Linear-by-Linear 
Association .335 1 .563 
N of Valid Cases 548   




Imputation Number Value Approximate Significance 
Original data Nominal by Nominal Phi .787 .580 
Cramer's V .203 .580 

































Count   
Imputation Number 
VERSION 
Total 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 
Original 
data 
RACEFINAL=WHITE .00 26 30 26 27 28 25 22 27 25 27 26 28 28 26 23 28 422 
1.00 8 5 8 7 6 9 13 8 7 7 9 8 8 7 9 7 126 
Total 34 35 34 34 34 34 35 35 32 34 35 36 36 33 32 35 548 
Pooled RACEFINAL=WHITE .00 26 30 26.5 27 28.9 25.5 22 27 25 27.5 26 28 28 26 23.5 28 424.9 
1.00 8 5 8.5 7 7.1 9.5 13 8 7 7.5 9 8 8 7 9.5 7 129.1 
Total 34 35 35 34 36 35 35 35 32 35 35 36 36 33 33 35 554 
 
Chi-Square Tests 




Original data Pearson Chi-Square 7.376a 15 .946 
Likelihood Ratio 7.138 15 .954 
Linear-by-Linear 
Association .116 1 .733 
N of Valid Cases 548   
a. 0 cells (.0%) have expected count less than 5. The minimum expected count is 7.36. 
 
Symmetric Measures 
Imputation Number Value Approximate Significance 
Original data Nominal by Nominal Phi .116 .946 
Cramer's V .116 .946 





















Count   
Imputation Number 
VERSION 
































































































































Original data Pearson Chi-Square 14.348a 15 .499 
Likelihood Ratio 14.011 15 .525 
Linear-by-Linear 
Association 1.963 1 .161 
N of Valid Cases 548   




Imputation Number Value Approximate Significance 
Original data Nominal by Nominal Phi .162 .499 
Cramer's V .162 .499 





















































































































































Original data Pearson Chi-Square 19.745a 15 .182 
Likelihood Ratio 13.893 15 .534 
Linear-by-Linear 
Association .957 1 .328 
N of Valid Cases 548   




Imputation Number Value Approximate Significance 
Original data Nominal by Nominal Phi .190 .182 
Cramer's V .190 .182 



















Count   
Imputation Number 
VERSION 
Total 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 
Original 
data 
RACEFINAL=ASIAN .00 32 27 31 29 31 28 31 30 28 28 32 33 29 29 28 30 476 
1.00 2 8 3 5 3 6 4 5 4 6 3 3 7 4 4 5 72 
Total 34 35 34 34 34 34 35 35 32 34 35 36 36 33 32 35 548 
Pooled RACEFINAL=ASIAN .00 32 27 31.6 29 32.0 28.4 31 30 28 28.5 32 33 29 29 28.5 30 479.0 
1.00 2 8 3.4 5 4.0 6.6 4 5 4 6.5 3 3 7 4 4.5 5 75.0 
Total 34 35 35 34 36 35 35 35 32 35 35 36 36 33 33 35 554 
 
Chi-Square Tests 




Original data Pearson Chi-Square 9.705a 15 .838 
Likelihood Ratio 9.670 15 .840 
Linear-by-Linear 
Association .030 1 .864 
N of Valid Cases 548   




Imputation Number Value Approximate Significance 
Original data Nominal by Nominal Phi .133 .838 
Cramer's V .133 .838 























Count   
Imputation Number 
VERSION 































































































































Original data Pearson Chi-Square 15.145a 15 .441 
Likelihood Ratio 5.588 15 .986 
Linear-by-Linear 
Association .954 1 .329 
N of Valid Cases 548   




Imputation Number Value Approximate Significance 
Original data Nominal by Nominal Phi .166 .441 
Cramer's V .166 .441 



















Count   
Imputation Number 
VERSION 
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Original data Pearson Chi-Square 14.755a 15 .469 
Likelihood Ratio 15.505 15 .416 
Linear-by-Linear 
Association 4.734 1 .030 
N of Valid Cases 548   
a. 0 cells (.0%) have expected count less than 5. The minimum expected count is 9.40. 
 
Symmetric Measures 
Imputation Number Value Approximate Significance 
Original data Nominal by Nominal Phi .164 .469 
Cramer's V .164 .469 
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Original data Pearson Chi-Square 9.919a 15 .825 
Likelihood Ratio 9.521 15 .849 
Linear-by-Linear 
Association 
1.205 1 .272 
N of Valid Cases 548   
a. 0 cells (.0%) have expected count less than 5. The minimum expected count is 6.60. 
 
Symmetric Measures 
Imputation Number Value 
Approximate 
Significance 
Original data Nominal by Nominal Phi .135 .825 
Cramer's V .135 .825 























t Sig. B 
Std. 
Error Beta 
Original data 1 (Constant) 9.564 .141  67.939 .000 
REDESIGN .035 .155 .010 .225 .822 
Pooled 1 (Constant) 9.566 .140  68.260 .000 
REDESIGN .033 .154  .211 .833 







































Omnibus Tests of Model Coefficients 
Imputation Number Chi-square df Sig. 
Original data Step 1 Step .867 1 .352 
Block .867 1 .352 
Model .867 1 .352 
 
Model Summary 
Imputation Number Step 
-2 Log 
likelihood 




Original data 1 704.851a .002 .002 
a. Estimation terminated at iteration number 3 because parameter estimates changed by 
less than .001 for split file Imputation Number = Original data. 
 
Classification Tablea 
Imputation Number Observed 
Predicted 
CAMPUSPOLICEBI Percentage 
Correct .00 1.00 
Original 
data 
Step 1 CAMPUSPOLICEBI .00 0 185 .0 
1.00 0 369 100.0 
Overall Percentage   66.6 
a. The cut value is .500 
 





REDESIGN(1) .219 .233 .878 1 .349 1.244 
Constant .511 .211 5.871 1 .015 1.667 
Pooled Step 
1a 
REDESIGN(1) .219 .233   .349 1.244 



















Omnibus Tests of Model Coefficients 
Imputation Number Chi-square df Sig. 
Original data Step 1 Step 2.065 1 .151 
Block 2.065 1 .151 
Model 2.065 1 .151 
 
Model Summary 
Imputation Number Step 
-2 Log 
likelihood 




Original data 1 514.987a .004 .006 
a. Estimation terminated at iteration number 4 because parameter estimates changed by 












BLANKETINTERVENE .00 0 98 .0 
1.00 0 456 100.0 
Overall Percentage   82.3 
a. The cut value is .500 
 
 





REDESIGN(1) .402 .273 2.159 1 .142 1.494 
Constant 1.213 .243 24.953 1 .000 3.364 
Pooled Step 
1a 
REDESIGN(1) .402 .273   .142 1.494 
































1 (Constant) 9.579 .225  42.543 .000 
VERSION=1.0 -.092 .321 -.016 -.288 .773 
VERSION=2.0 -.104 .314 -.018 -.331 .741 
VERSION=3.0 .096 .314 .017 .305 .760 
VERSION=4.0 -.395 .318 -.068 -1.240 .216 
VERSION=5.0 .246 .314 .044 .783 .434 
VERSION=6.0 .046 .314 .008 .146 .884 
VERSION=7.0 -.054 .314 -.010 -.172 .864 
VERSION=8.0 .529 .321 .090 1.651 .099 
VERSION=9.0 -.523 .323 -.088 -1.621 .105 
VERSION=10.0 -.211 .318 -.036 -.661 .509 
VERSION=11.0 -.297 .316 -.052 -.938 .348 
VERSION=12.0 .011 .316 .002 .034 .973 
VERSION=13.0 .146 .314 .026 .465 .642 
VERSION=14.0 -.162 .323 -.027 -.503 .615 
VERSION=15.0 -.468 .323 -.079 -1.449 .148 
Pooled 1 (Constant) 9.573 .229  41.772 .000 
VERSION=1.0 -.136 .329  -.415 .678 
VERSION=2.0 -.140 .321  -.438 .661 
VERSION=3.0 .117 .320  .367 .714 
VERSION=4.0 -.410 .324  -1.266 .205 
VERSION=5.0 .226 .321  .704 .481 
VERSION=6.0 -.008 .322  -.025 .980 
VERSION=7.0 -.076 .320  -.236 .814 
VERSION=8.0 .388 .329  1.180 .238 
VERSION=9.0 -.498 .329  -1.514 .130 
VERSION=10.0 -.287 .324  -.886 .376 
VERSION=11.0 -.340 .324  -1.051 .293 
VERSION=12.0 .017 .321  .054 .957 
VERSION=13.0 .152 .320  .473 .636 
VERSION=14.0 -.167 .329  -.507 .612 
VERSION=15.0 -.460 .329  -1.396 .163 





Selection Bias: Pooled Sample 
 
SEX * VERSION Crosstabulation 
Count   
Imputation Number 
VERSION 
Total 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 
Original 
data 
SEX FEMALE 24 26 23 29 24 27 27 24 23 22 24 20 23 23 24 19 382 
MALE 16 15 17 11 16 13 14 16 14 18 16 20 17 14 13 20 250 
Total 40 41 40 40 40 40 41 40 37 40 40 40 40 37 37 39 632 
Pooled SEX FEMALE 24 26 23.5 29 25.4 27.4 27 24 23 22 24 20 23 23 24 19 384.4 
MALE 16 15 17.5 11 16.6 13.6 14 16 14 18 16 20 17 14 13 20 251.6 
Total 40 41 41 40 42 41 41 40 37 40 40 40 40 37 37 39 636 
 
Chi-Square Tests 




Original data Pearson Chi-Square 9.178a 15 .868 
Likelihood Ratio 9.231 15 .865 
Linear-by-Linear 
Association 1.756 1 .185 
N of Valid Cases 632   
a. 0 cells (.0%) have expected count less than 5. The minimum expected count is 14.64. 
 
Symmetric Measures 
Imputation Number Value 
Approximate 
Significance 
Original data Nominal by Nominal Phi .121 .868 
Cramer's V .121 .868 
















AGE * VERSION Crosstabulation 




Total 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 
Original 
data 
AGE 18 8 6 10 6 6 11 11 6 7 7 6 6 8 7 8 9 122 
19 3 8 4 8 9 7 9 8 9 9 8 6 3 7 3 8 109 
20 5 3 7 7 3 5 7 4 6 4 5 3 7 3 4 4 77 
21 4 5 7 4 6 6 3 3 4 5 8 6 4 4 6 5 80 
22 1 7 2 5 6 6 5 8 2 6 1 5 3 2 2 7 68 
23 7 4 3 4 1 0 1 3 1 4 1 2 4 5 0 3 43 
24 1 2 2 0 2 2 1 1 2 0 4 5 3 1 6 1 33 
25 2 1 1 3 2 3 0 2 1 2 2 1 4 1 3 0 28 
26 2 0 0 0 1 0 1 2 2 0 0 1 1 1 0 0 11 
27 0 0 0 2 0 0 0 0 0 0 2 0 0 0 0 0 4 
28 1 0 1 0 0 0 0 0 1 1 0 2 0 0 0 0 6 
29 3 1 1 1 1 0 0 0 0 0 2 0 0 1 1 1 12 
30 0 0 1 0 1 0 1 1 2 0 0 1 1 2 0 0 10 
31 0 1 1 0 1 1 0 0 0 0 0 0 0 0 0 0 4 
32 1 1 0 0 1 0 0 0 0 1 1 0 1 0 2 0 8 
33 0 0 0 0 0 0 0 0 0 0 0 0 0 1 0 0 1 
34 0 1 0 0 0 0 0 0 0 0 0 1 1 1 0 0 4 
35 0 0 0 0 0 0 0 1 0 0 0 0 0 0 0 0 1 
37 0 0 0 0 0 0 0 0 0 0 0 0 0 1 0 0 1 
38 0 0 0 0 0 0 1 1 0 0 0 0 0 0 0 0 2 
39 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 1 
42 0 0 0 0 0 0 0 0 0 1 0 0 0 0 0 0 1 
44 0 0 0 0 0 0 0 0 0 0 0 1 0 0 0 0 1 
45 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 1 1 
46 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 1 
Total 40 40 40 40 40 41 40 40 37 40 40 40 40 37 35 39 629 
Pooled AGE 18 8 6 10 6 6 11 11 6 7 7 6 6 8 7 8 9 122 
19 3 8 4 8 9 7 9 8 9 9 8 6 3 7 3 8 109 
20 5 3 7 7 3 5 7 4 6 4 5 3 7 3 4 4 77 
21 4 5 7 4 6 6 3 3 4 5 8 6 4 4 6 5 80 
22 1 7 2 5 6 6 5 8 2 6 1 5 3 2 2 7 68 
23 7 4 3 4 1 0 1 3 1 4 1 2 4 5 0 3 43 
24 1 2 2 0 2 2 1 1 2 0 4 5 3 1 6 1 33 
25 2 1 1 3 2 3 0 2 1 2 2 1 4 1 3 0 28 
26 2 0 0 0 1 0 1 2 2 0 0 1 1 1 0 0 11 
27 0 0 0 2 0 0 0 0 0 0 2 0 0 0 0 0 4 
28 1 0 1 0 0 0 0 0 1 1 0 2 0 0 0 0 6 
29 3 1 1 1 1 0 0 0 0 0 2 0 0 1 1 1 12 
30 0 0 1 0 1 0 1 1 2 0 0 1 1 2 0 0 10 
31 0 1 1 0 1 1 0 0 0 0 0 0 0 0 0 0 4 
32 1 1 0 0 1 0 0 0 0 1 1 0 1 0 2 0 8 
33 0 0 0 0 0 0 0 0 0 0 0 0 0 1 0 0 1 
34 0 1 0 0 0 0 0 0 0 0 0 1 1 1 0 0 4 
35 0 0 0 0 0 0 0 1 0 0 0 0 0 0 0 0 1 
37 0 0 0 0 0 0 0 0 0 0 0 0 0 1 0 0 1 
38 0 0 0 0 0 0 1 1 0 0 0 0 0 0 0 0 2 
39 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 1 
42 0 0 0 0 0 0 0 0 0 1 0 0 0 0 0 0 1 
44 0 0 0 0 0 0 0 0 0 0 0 1 0 0 0 0 1 
45 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 1 1 
46 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 1 






Count   
Imputation Number 
VERSION 
Total 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 
Original 
data 
RACEFINAL=WHITE .00 29 33 32 30 31 29 24 28 29 30 29 32 30 29 26 29 470 
1.00 11 8 8 10 9 11 17 12 8 8 11 8 10 8 10 10 159 
Total 40 41 40 40 40 40 41 40 37 38 40 40 40 37 36 39 629 
Pooled RACEFINAL=WHITE .00 29 33 32.5 30 31.9 29.5 24 28 29 31 29 32 30 29 26.5 29 473.4 
1.00 11 8 8.5 10 10.1 11.5 17 12 8 9 11 8 10 8 10.5 10 162.6 
Total 40 41 41 40 42 41 41 40 37 40 40 40 40 37 37 39 636 
 
Chi-Square Tests 




Original data Pearson Chi-Square 9.545a 15 .847 
Likelihood Ratio 9.082 15 .873 
Linear-by-Linear 
Association .002 1 .963 
N of Valid Cases 629   
a. 0 cells (.0%) have expected count less than 5. The minimum expected count is 9.10. 
 
Symmetric Measures 
Imputation Number Value 
Approximate 
Significance 
Original data Nominal by Nominal Phi .123 .847 
Cramer's V .123 .847 


















Count   
Imputation Number 
VERSION 



































































































































Original data Pearson Chi-Square 16.681a 15 .338 
Likelihood Ratio 16.085 15 .376 
Linear-by-Linear 
Association 1.663 1 .197 
N of Valid Cases 629   




Imputation Number Value 
Approximate 
Significance 
Original data Nominal by Nominal Phi .163 .338 
Cramer's V .163 .338 


















































































































































Original data Pearson Chi-Square 19.327a 15 .199 
Likelihood Ratio 13.750 15 .545 
Linear-by-Linear 
Association .878 1 .349 
N of Valid Cases 629   




Imputation Number Value 
Approximate 
Significance 
Original data Nominal by Nominal Phi .175 .199 
Cramer's V .175 .199 
















Count   
Imputation Number 
VERSION 
Total 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 
Original 
data 
RACEFINAL=ASIAN .00 37 33 35 33 36 32 36 34 33 31 35 35 31 30 30 34 535 
1.00 3 8 5 7 4 8 5 6 4 7 5 5 9 7 6 5 94 
Total 40 41 40 40 40 40 41 40 37 38 40 40 40 37 36 39 629 
Pooled RACEFINAL=ASIAN .00 37 33 35.6 33 37.0 32.4 36 34 33 31.8 35 35 31 30 30.5 34 538.4 
1.00 3 8 5.4 7 5.0 8.6 5 6 4 8.2 5 5 9 7 6.5 5 97.6 
Total 40 41 41 40 42 41 41 40 37 40 40 40 40 37 37 39 636 
 
Chi-Square Tests 




Original data Pearson Chi-Square 8.342a 15 .909 
Likelihood Ratio 8.473 15 .903 
Linear-by-Linear 
Association .508 1 .476 
N of Valid Cases 629   
a. 0 cells (.0%) have expected count less than 5. The minimum expected count is 5.38. 
 
Symmetric Measures 
Imputation Number Value 
Approximate 
Significance 
Original data Nominal by Nominal Phi .115 .909 
Cramer's V .115 .909 























Count   
Imputation Number 
VERSION 































































































































Original data Pearson Chi-Square 13.769a 15 .543 
Likelihood Ratio 8.292 15 .912 
Linear-by-Linear 
Association 1.094 1 .296 
N of Valid Cases 629   




Imputation Number Value 
Approximate 
Significance 
Original data Nominal by Nominal Phi .148 .543 
Cramer's V .148 .543 

















Count   
Imputation Number 
VERSION 
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Original data Pearson Chi-Square 18.485a 15 .238 
Likelihood Ratio 19.315 15 .200 
Linear-by-Linear 
Association 6.239 1 .012 
N of Valid Cases 629   
a. 0 cells (.0%) have expected count less than 5. The minimum expected count is 9.73. 
 
Symmetric Measures 
Imputation Number Value 
Approximate 
Significance 
Original data Nominal by Nominal Phi .171 .238 
Cramer's V .171 .238 
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Original data Pearson Chi-Square 11.260a 15 .734 
Likelihood Ratio 10.610 15 .780 
Linear-by-Linear 
Association 1.886 1 .170 
N of Valid Cases 629   





































1 (Constant) 9.564 .144  66.410 .000 
REDESIGN -.068 .156 -.017 -.432 .666 
Pooled 1 (Constant) 9.566 .146  65.390 .000 
REDESIGN -.104 .159  -.654 .513 






































Omnibus Tests of Model Coefficients 
Imputation Number Chi-square df Sig. 
Original data Step 1 Step .870 1 .351 
Block .870 1 .351 
Model .870 1 .351 
 
Model Summary 
Imputation Number Step 
-2 Log 
likelihood 




Original data 1 808.776a .001 .002 
a. Estimation terminated at iteration number 3 because parameter estimates changed by 
less than .001 for split file Imputation Number = Original data. 
 
Classification Tablea 
Imputation Number Observed 
Predicted 
CAMPUSPOLICEBI Percentage 
Correct .00 1.00 
Original 
data 
Step 1 CAMPUSPOLICEBI .00 0 212 .0 
1.00 0 424 100.0 
Overall Percentage   66.7 
a. The cut value is .500 
 
Variables in the Equation 





REDESIGN(1) .216 .230 .881 1 .348 1.241 
Constant .511 .211 5.871 1 .015 1.667 
Pooled Step 
1a 
REDESIGN(1) .216 .230   .348 1.241 



















Omnibus Tests of Model Coefficients 
Imputation Number Chi-square df Sig. 
Original data Step 1 Step 2.072 1 .150 
Block 2.072 1 .150 
Model 2.072 1 .150 
 
Model Summary 
Imputation Number Step 
-2 Log 
likelihood 




Original data 1 589.953a .003 .005 
a. Estimation terminated at iteration number 4 because parameter estimates changed by 












BLANKETINTERVENE .00 0 112 .0 
1.00 0 524 100.0 
Overall Percentage   82.4 
a. The cut value is .500 
 
Variables in the Equation 





REDESIGN(1) .396 .269 2.173 1 .140 1.486 
Constant 1.213 .243 24.953 1 .000 3.364 
Pooled Step 
1a 
REDESIGN(1) .396 .269   .140 1.486 


















X. APPENDIX D: SCALE RELIABILITY ANALYSIS 
 
Procedural Justice: Spencer College Sample 
 
Case Processing Summary 
 N % 
Cases Valid 531 95.8 
Excludeda 23 4.2 
Total 554 100.0 




Cronbach's Alpha Based on 
Standardized Items N of Items 
.915 .918 8 
 
Item Statistics 
 Mean Std. Deviation N 
PJ1 3.30 .537 531 
PJ2 3.12 .582 531 
PJ3 3.22 .531 531 
PJ4 3.29 .510 531 
PJ5 3.18 .616 531 
PJ6 3.13 .549 531 
PJ7 2.95 .659 531 
















Alpha if Item 
Deleted 
PJ1 22.05 10.114 .745 .607 .902 
PJ2 22.23 9.866 .750 .601 .902 
PJ3 22.13 10.083 .767 .655 .901 
PJ4 22.06 10.161 .778 .653 .900 
PJ5 22.17 9.679 .754 .589 .902 
PJ6 22.22 10.170 .708 .531 .905 
PJ7 22.40 10.089 .580 .398 .919 







Mean Variance Std. Deviation N of Items 












































Distributive Fairness: Spencer College Sample 
 
Case Processing Summary 
 N % 
Cases Valid 537 96.9 
Excludeda 17 3.1 
Total 554 100.0 




Cronbach's Alpha Based on 
Standardized Items N of Items 
.731 .716 3 
 
Item Statistics 
 Mean Std. Deviation N 
DJ1 3.11 .657 537 
DJ2 3.22 .851 537 
















Alpha if Item 
Deleted 
DJ1 6.62 2.319 .302 .145 .889 
DJ2 6.51 1.202 .766 .687 .343 
DJ3 6.33 1.554 .660 .657 .513 
 
Scale Statistics 
Mean Variance Std. Deviation N of Items 













Legitimacy: Spencer College Sample 
 
Case Processing Summary 
 N % 
Cases Valid 545 98.4 
Excludeda 9 1.6 
Total 554 100.0 




Cronbach's Alpha Based on 
Standardized Items N of Items 
.804 .805 3 
 
Item Statistics 
 Mean Std. Deviation N 
PL1 3.24 .513 545 
PL2 3.16 .550 545 
















Alpha if Item 
Deleted 
PL1 6.35 .931 .672 .460 .711 
PL2 6.43 .868 .673 .463 .708 
PL3 6.40 .924 .609 .370 .776 
 
Scale Statistics 
Mean Variance Std. Deviation N of Items 













Police Performance: Spencer College Sample 
 
Case Processing Summary 
 N % 
Cases Valid 487 87.9 
Excludeda 67 12.1 
Total 554 100.0 




Cronbach's Alpha Based on 
Standardized Items N of Items 
.886 .888 10 
 
Item Statistics 
 Mean Std. Deviation N 
PP1 3.10 .539 487 
PP2 3.13 .528 487 
PP3 3.12 .563 487 
PP4 3.25 .531 487 
PP5 3.11 .483 487 
PP6 3.38 .600 487 
PP7 3.46 .624 487 
PP8 3.52 .551 487 
PP9 3.38 .546 487 

































Alpha if Item 
Deleted 
PP1 29.55 12.215 .622 .532 .875 
PP2 29.52 12.147 .658 .615 .872 
PP3 29.53 12.073 .629 .522 .874 
PP4 29.40 12.183 .644 .443 .873 
PP5 29.53 12.846 .511 .279 .882 
PP6 29.27 12.422 .489 .305 .885 
PP7 29.18 12.028 .562 .498 .880 
PP8 29.13 11.945 .683 .652 .870 
PP9 29.27 11.716 .759 .669 .865 
PP10 29.46 12.233 .664 .504 .872 
 
Scale Statistics 
Mean Variance Std. Deviation N of Items 






















Social Desirability: Spencer College Sample 
Case Processing Summary 
 N % 
Cases Valid 538 97.1 
Excludeda 16 2.9 
Total 554 100.0 




Cronbach's Alpha Based on 
Standardized Items N of Items 
.576 .569 10 
 
Item Statistics 
 Mean Std. Deviation N 
SD1 .71 .452 538 
SD2 .41 .491 538 
SD3 .50 .500 538 
SD4 .85 .358 538 
SD5 .49 .500 538 
SD6 .68 .467 538 
SD7 .78 .418 538 
SD8 .83 .372 538 
SD9 .32 .468 538 
SD10 .56 .496 538 
 
Scale Statistics 
Mean Variance Std. Deviation N of Items 











Procedural Justice: Pooled Sample 
 
Case Processing Summary 
 N % 
Cases Valid 598 94.0 
Excludeda 38 6.0 
Total 636 100.0 




Cronbach's Alpha Based on 
Standardized Items N of Items 
.917 .920 8 
 
Item Statistics 
 Mean Std. Deviation N 
PJ1 3.28 .544 598 
PJ2 3.11 .585 598 
PJ3 3.21 .546 598 
PJ4 3.27 .530 598 
PJ5 3.17 .619 598 
PJ6 3.12 .550 598 
PJ7 2.94 .666 598 
















Alpha if Item 
Deleted 
PJ1 21.96 10.555 .710 .556 .908 
PJ2 22.13 10.225 .747 .593 .905 
PJ3 22.04 10.325 .781 .681 .902 
PJ4 21.97 10.389 .788 .677 .902 
PJ5 22.07 9.988 .765 .601 .903 
PJ6 22.12 10.506 .716 .542 .907 
PJ7 22.30 10.331 .604 .424 .919 







Mean Variance Std. Deviation N of Items 

































Distributive Fairness: Pooled Sample 
 
Case Processing Summary 
 N % 
Cases Valid 606 95.3 
Excludeda 30 4.7 
Total 636 100.0 




Cronbach's Alpha Based on 
Standardized Items N of Items 
.735 .721 3 
 
Item Statistics 
 Mean Std. Deviation N 
DJ1 3.09 .658 606 
DJ2 3.19 .859 606 
















Alpha if Item 
Deleted 
DJ1 6.56 2.350 .320 .154 .881 
DJ2 6.46 1.234 .764 .670 .362 
DJ3 6.28 1.592 .656 .635 .530 
 
Scale Statistics 
Mean Variance Std. Deviation N of Items 









Legitimacy: Pooled Sample 
Case Processing Summary 
 N % 
Cases Valid 614 96.5 
Excludeda 22 3.5 
Total 636 100.0 




Cronbach's Alpha Based on 
Standardized Items N of Items 
.818 .819 3 
 
Item Statistics 
 Mean Std. Deviation N 
PL1 3.21 .522 614 
PL2 3.13 .553 614 
















Alpha if Item 
Deleted 
PL1 6.30 .960 .697 .498 .724 
PL2 6.38 .907 .696 .499 .723 
PL3 6.34 .965 .622 .386 .800 
 
Scale Statistics 
Mean Variance Std. Deviation N of Items 









Police Performance: Pooled Sample 
Case Processing Summary 
 N % 
Cases Valid 544 85.5 
Excludeda 92 14.5 
Total 636 100.0 




Cronbach's Alpha Based on 
Standardized Items N of Items 
.892 .894 10 
 
Item Statistics 
 Mean Std. Deviation N 
PP1 3.09 .538 544 
PP2 3.11 .531 544 
PP3 3.10 .571 544 
PP4 3.22 .551 544 
PP5 3.09 .505 544 
PP6 3.35 .629 544 
PP7 3.44 .625 544 
PP8 3.49 .553 544 
PP9 3.35 .557 544 

































Alpha if Item 
Deleted 
PP1 29.33 13.243 .602 .500 .883 
PP2 29.31 13.038 .670 .621 .879 
PP3 29.32 12.994 .624 .511 .882 
PP4 29.20 12.947 .666 .469 .879 
PP5 29.33 13.644 .533 .298 .888 
PP6 29.08 13.083 .529 .346 .889 
PP7 28.98 12.919 .574 .497 .886 
PP8 28.93 12.828 .695 .661 .877 
PP9 29.07 12.526 .774 .684 .871 
PP10 29.25 13.010 .685 .516 .878 
 
Scale Statistics 
Mean Variance Std. Deviation N of Items 





















Social Desirability: Pooled Sample 
 
Case Processing Summary 
 N % 
Cases Valid 612 96.2 
Excludeda 24 3.8 
Total 636 100.0 




Cronbach's Alpha Based on 
Standardized Items N of Items 
.593 .586 10 
 
Item Statistics 
 Mean Std. Deviation N 
SD1 .70 .460 612 
SD2 .40 .491 612 
SD3 .49 .500 612 
SD4 .84 .362 612 
SD5 .49 .500 612 
SD6 .66 .473 612 
SD7 .76 .425 612 
SD8 .83 .372 612 
SD9 .33 .469 612 
































Alpha if Item 
Deleted 
SD1 5.38 3.875 .221 .077 .579 
SD2 5.67 3.825 .219 .070 .580 
SD3 5.59 3.624 .322 .135 .553 
SD4 5.23 4.013 .236 .083 .575 
SD5 5.58 3.549 .365 .162 .541 
SD6 5.41 3.692 .314 .119 .555 
SD7 5.31 3.828 .289 .096 .563 
SD8 5.24 4.185 .108 .045 .599 
SD9 5.75 3.829 .238 .075 .575 
SD10 5.51 3.569 .358 .140 .543 
 
Scale Statistics 
Mean Variance Std. Deviation N of Items 

















XI. APPENDIX E: MISSING VALUES AND MULTIPLE IMPUTATION 




































Deviation N Percent 
PERFORMANCE 67 12.1% 487 32.6489 3.85353 
KNOWCHECK 53 9.6% 501   
WEIGHT 28 5.1% 526 155.823 38.5421 
PROCEDURAL 23 4.2% 531 25.3503 3.59844 
DISTRIBUTIVE 17 3.1% 537 9.7281 1.83168 
SOCIALDESIRABILITYFINAL 16 2.9% 538 6.1338 2.07421 
HEIGHTFEET 16 2.9% 538 5.5254 .34057 
LEGITIMACY 9 1.6% 545 9.5927 1.36364 
RACEFINAL=MULTIRACIAL 6 1.1% 548   
RACEFINAL=HISPANIC 6 1.1% 548   
RACEFINAL=PACIFIC 
ISLANDER 
6 1.1% 548   
RACEFINAL=ASIAN 6 1.1% 548   
RACEFINAL=AMERICANINDIAN 6 1.1% 548   
RACEFINAL=BLACK 6 1.1% 548   
RACEFINAL=WHITE 6 1.1% 548   
AGE 6 1.1% 548 21.43 4.063 
RELIGION=4.0 4 0.7% 550   
RELIGION=3.0 4 0.7% 550   
RELIGION=2.0 4 0.7% 550   
RELIGION=1.0 4 0.7% 550   
ACTIVESHOOTER 4 0.7% 550   
BYSTANEXP 4 0.7% 550   
SEX 4 0.7% 550   
MILEXPBI 3 0.5% 551   
LEEXPBI 3 0.5% 551   
MEDEXPBI 1 0.2% 553   
CRIMEEXP 1 0.2% 553   
a. Maximum number of variables shown: 1000 

















Imputation Method Fully Conditional Specification 
Number of Imputations 50 
Model for Scale Variables Linear Regression 
Interactions Included in Models (none) 
Maximum Percentage of 
Missing Values 
100.0% 
Maximum Number of 













Role in Imputation Imputed Values 
Dependent Predictor Minimum Maximum 
KNOWCHECK Yes Yes   
SEX Yes Yes   
AGE Yes Yes 18 46 
LEEXPBI Yes Yes   
MEDEXPBI Yes Yes   
MILEXPBI Yes Yes   
BYSTANEXP Yes Yes   
ACTIVESHOOTER Yes Yes   
CRIMEEXP Yes Yes   
WEIGHT Yes Yes 71 320 
HEIGHTFEET Yes Yes 5 7 
SOCIALDESIRABILITYFINAL Yes Yes 0 10 
RACEFINAL=WHITE Yes Yes   
RACEFINAL=BLACK Yes Yes   
RACEFINAL=AMERICANINDIAN Yes Yes   
RACEFINAL=ASIAN Yes Yes   
RACEFINAL=PACIFIC 
ISLANDER Yes Yes   
RACEFINAL=HISPANIC Yes Yes   
RACEFINAL=MULTIRACIAL Yes Yes   
RELIGION=1.0 Yes Yes   
RELIGION=2.0 Yes Yes   
RELIGION=3.0 Yes Yes   
RELIGION=4.0 Yes Yes   
REDESIGN No Yes   
THEFT No Yes   
ASSAULT No Yes   
EXPOSURE No Yes   
GUNPOSS No Yes   
GROUP No Yes   
ANONYMOUS No Yes   
CAMPUSPOLICEBI No Yes   
BLANKETINTERVENE No Yes   
ASSAULTxGROUP No Yes   
EXPOSURExGROUP No Yes   
GUNPOSSxGROUP No Yes   
THEFTxGROUP No Yes   
DISTRIBUTIVE Yes Yes 3 12 
PERFORMANCE Yes Yes 10 40 
PROCEDURAL Yes Yes 8 32 







Imputation Method Fully Conditional Specification 
Fully Conditional Specification 





















































































Deviation N Percent 
PERFORMANCE 25 30.5% 57 30.4737 4.56737 
PROCEDURAL 15 18.3% 67 24.3731 4.00316 
LEGITIMACY 13 15.9% 69 8.8261 1.46485 
DISTRIBUTIVE 13 15.9% 69 9.0290 1.90179 
KNOWCHECK 10 12.2% 72   
WEIGHT 9 11.0% 73 146.616 32.0484 
SOCIALDESIRABILITYFINAL 8 9.8% 74 5.6351 2.38474 
HEIGHTFEET 8 9.8% 74 5.5574 .35002 
RELIGION=4.0 1 1.2% 81   
RELIGION=3.0 1 1.2% 81   
RELIGION=2.0 1 1.2% 81   
RELIGION=1.0 1 1.2% 81   
MILEXPBI 1 1.2% 81   
MEDEXPBI 1 1.2% 81   
LEEXPBI 1 1.2% 81   
RACEFINAL=MULTIRACIAL 1 1.2% 81   
RACEFINAL=HISPANIC 1 1.2% 81   
RACEFINAL=PACIFIC 
ISLANDER 
1 1.2% 81   
RACEFINAL=ASIAN 1 1.2% 81   
RACEFINAL=AMERICANINDIAN 1 1.2% 81   
RACEFINAL=BLACK 1 1.2% 81   
RACEFINAL=WHITE 1 1.2% 81   
ACTIVESHOOTER 1 1.2% 81   
BYSTANEXP 1 1.2% 81   
AGE 1 1.2% 81 22.79 3.895 
a. Maximum number of variables shown: 1000 






















Imputation Method Fully Conditional Specification 
Number of Imputations 50 
Model for Scale Variables Linear Regression 
Interactions Included in Models (none) 
Maximum Percentage of 
Missing Values 
100.0% 
Maximum Number of 














Role in Imputation Imputed Values 
Dependent Predictor Minimum Maximum 
KNOWCHECK Yes Yes   
SEX Yes Yes   
AGE Yes Yes 18 39 
LEEXPBI Yes Yes   
MEDEXPBI Yes Yes   
MILEXPBI Yes Yes   
BYSTANEXP Yes Yes   
ACTIVESHOOTER Yes Yes   
CRIMEEXP Yes Yes   
WEIGHT Yes Yes 98 260 
HEIGHTFEET Yes Yes 5 7 
SOCIALDESIRABILITYFINAL Yes Yes 0 10 
RACEFINAL=WHITE Yes Yes   
RACEFINAL=BLACK Yes Yes   
RACEFINAL=AMERICANINDIAN Yes Yes   
RACEFINAL=ASIAN Yes Yes   
RACEFINAL=PACIFIC 
ISLANDER Yes Yes   
RACEFINAL=HISPANIC Yes Yes   
RACEFINAL=MULTIRACIAL Yes Yes   
RELIGION=1.0 Yes Yes   
RELIGION=2.0 Yes Yes   
RELIGION=3.0 Yes Yes   
RELIGION=4.0 Yes Yes   
REDESIGN No Yes   
THEFT No Yes   
ASSAULT No Yes   
EXPOSURE No Yes   
GUNPOSS No Yes   
GROUP No Yes   
ANONYMOUS No Yes   
CAMPUSPOLICEBI No Yes   
BLANKETINTERVENE No Yes   
ASSAULTxGROUP No Yes   
EXPOSURExGROUP No Yes   
GUNPOSSxGROUP No Yes   
THEFTxGROUP No Yes   
DISTRIBUTIVE Yes Yes 3 12 
PERFORMANCE Yes Yes 10 40 
PROCEDURAL Yes Yes 8 32 







Imputation Method Fully Conditional Specification 
Fully Conditional Specification 















































XII. APPENDIX F: COMPARISON AND POOLED SAMPLE TABLES 
	  
Table I. Descriptive Statistics for Summated Scale Items Spencer College 
Scale Item N Range Min Max Mean SD Kurtosis Skewness 
Procedural Justice 1 549 3.000 1.000 4.000 3.300 .534 -.101 .711 
Procedural Justice 2 549 3.000 1.000 4.000 3.110 .586 -.296 .978 
Procedural Justice 3 549 3.000 1.000 4.000 3.210 .528 .101 .302 
Procedural Justice 4 547 3.000 1.000 4.000 3.290 .509 .226 -.072 
Procedural Justice 5 551 3.000 1.000 4.000 3.180 .627 -.460 .800 
Procedural Justice 6 542 3.000 1.000 4.000 3.130 .548 -.136 1.083 
Procedural Justice 7 539 3.000 1.000 4.000 2.940 .666 -.583 .997 
Procedural Justice 8 544 3.000 1.000 4.000 3.150 .540 -.183 1.508 
Distributive Fairness 1 543 3.000 1.000 4.000 3.100 .665 -.456 .497 
Distributive Fairness 2 540 3.000 1.000 4.000 3.220 .849 -.875 .020 
Distributive Fairness 3 540 3.000 1.000 4.000 3.390 .757 -1.127 .765 
Legitimacy 1 548 3.000 1.000 4.000 3.240 .512 .121 .750 
Legitimacy 2 546 3.000 1.000 4.000 3.160 .549 -.065 .668 
Legitimacy 3 547 3.000 1.000 4.000 3.200 .546 -.119 .936 
Performance 1 526 3.000 1.000 4.000 3.100 .529 -.130 1.496 
Performance 2 529 3.000 1.000 4.000 3.130 .521 -.081 1.564 
Performance 3 543 3.000 1.000 4.000 3.130 .559 -.093 .614 
Performance 4 534 2.000 2.000 4.000 3.250 .526 .190 -.299 
Performance 5 497 3.000 1.000 4.000 3.110 .489 .165 1.390 
Performance 6 534 3.000 1.000 4.000 3.390 .604 -.687 .853 
Performance 7 546 3.000 1.000 4.000 3.470 .615 -.958 1.058 
Performance 8 547 3.000 1.000 4.000 3.530 .545 -.691 .196 
Performance 9 546 2.000 2.000 4.000 3.380 .539 -.029 -.960 
Performance 10 533 3.000 1.000 4.000 3.190 .508 .024 1.570 
Social Desirability 1 544 1.000 0 1.000 .720 .452 -.956 -1.091 
Social Desirability 2 545 1.000 0 1.000 .410 .491 .386 -1.858 
Social Desirability 3 545 1.000 0 1.000 .500 .500 .018 -2.007 
Social Desirability 4 544 1.000 0 1.000 .850 .356 -1.978 1.920 
Social Desirability 5 544 1.000 0 1.000 .490 .500 .052 -2.005 
Social Desirability 6 544 1.000 0 1.000 .680 .468 -.766 -1.419 
Social Desirability 7 543 1.000 0 1.000 .770 .420 -1.298 -.317 
Social Desirability 8 543 1.000 0 1.000 .840 .371 -1.821 1.320 
Social Desirability 9 543 1.000 0 1.000 .320 .468 .754 -1.437 







Table I. Descriptive Statistics for Summated Scale Items Guster College 
Scale Item N Range Min Max Mean SD Kurtosis Skewness 
Procedural Justice 1 76 3.000 1.000 4.000 3.120 .565 -.428 2.214 
Procedural Justice 2 73 2.000 2.000 4.000 3.010 .589 -.002 .001 
Procedural Justice 3 74 3.000 1.000 4.000 3.070 .627 -.391 .930 
Procedural Justice 4 73 3.000 1.000 4.000 3.080 .618 -.413 1.124 
Procedural Justice 5 73 3.000 1.000 4.000 3.070 .608 -.412 1.279 
Procedural Justice 6 71 3.000 1.000 4.000 3.030 .560 -.490 2.340 
Procedural Justice 7 70 3.000 1.000 4.000 2.830 .742 -1.029 1.359 
Procedural Justice 8 70 3.000 1.000 4.000 3.040 .494 -1.379 8.164 
Distributive Fairness 1 70 3.000 1.000 4.000 2.930 .644 -.604 1.363 
Distributive Fairness 2 70 3.000 1.000 4.000 2.930 .873 -.396 -.573 
Distributive Fairness 3 72 3.000 1.000 4.000 3.180 .793 -.686 -.060 
Legitimacy 1 72 3.000 1.000 4.000 2.970 .530 -1.200 5.131 
Legitimacy 2 72 3.000 1.000 4.000 2.920 .524 -1.317 4.757 
Legitimacy 3 72 3.000 1.000 4.000 2.940 .554 -1.054 3.849 
Performance 1 65 3.000 1.000 4.000 2.970 .499 -.847 4.354 
Performance 2 66 2.000 2.000 4.000 2.950 .509 -.083 1.034 
Performance 3 66 3.000 1.000 4.000 2.950 .593 -.447 1.445 
Performance 4 67 3.000 1.000 4.000 3.000 .628 -1.137 3.488 
Performance 5 59 3.000 1.000 4.000 2.880 .618 -.832 2.059 
Performance 6 68 3.000 1.000 4.000 3.060 .731 -.565 .449 
Performance 7 74 2.000 2.000 4.000 3.200 .573 -.014 -.212 
Performance 8 75 2.000 2.000 4.000 3.190 .456 .717 .616 
Performance 9 72 3.000 1.000 4.000 3.110 .571 -.921 4.322 
Performance 10 67 3.000 1.000 4.000 3.030 .602 -.439 1.475 
Social Desirability 1 79 1.000 0 1.000 .560 .500 -.234 -1.997 
Social Desirability 2 79 1.000 0 1.000 .410 .494 .394 -1.893 
Social Desirability 3 78 1.000 0 1.000 .410 .495 .372 -1.911 
Social Desirability 4 78 1.000 0 1.000 .810 .397 -1.592 .549 
Social Desirability 5 76 1.000 0 1.000 .460 .502 .162 -2.028 
Social Desirability 6 78 1.000 0 1.000 .550 .501 -.210 -2.008 
Social Desirability 7 77 1.000 0 1.000 .690 .466 -.829 -1.348 
Social Desirability 8 77 1.000 0 1.000 .840 .365 -1.936 1.793 
Social Desirability 9 78 1.000 0 1.000 .360 .483 .600 -1.684 











Table II. Cronbach’s Alpha for Scales 
Scale Number of 
Items  
Spencer College 





8 .915 .917 
Distributive 
Fairness 
3 .731 .735 
Legitimacy 3 .804 .818 
Performance 10 .886 .892 
Social 
Desirability 
10 .576 .593 
	  
Table III. Descriptive Statistics for Study Variables Spencer College 
Variable N Range Min Max Mean SD Kurtosis Skewness 
Age 548 28.000 18.000 46.000 21.430 4.063 2.429 8.341 
Sex 550 1.000 0 1.000 .400 .491 .394 -1.852 
Non-White 548 1.000 0 1.000 .770 .421 -1.287 -.344 
Victimization 553 1.000 0 1.000 .620 .486 -.497 -1.759 
High religiosity 550 1.000 0 1.000 .235 .424 1.256 -.423 
Social desirability 538 9.000 1.000 10.000 6.134 2.074 -.319 -.380 
Anonymous 554 1.000 0 1.000 .502 .500 -.007 -2.007 
Group 554 1.000 0 1.000 .502 .500 -.007 -2.007 
Theft 554 1.000 0 1.000 .249 .433 1.163 -.649 
Aggravated assault 554 1.000 0 1.000 .255 .436 1.130 -.725 
Indecent exposure 554 1.000 0 1.000 .249 .433 1.163 -.649 
Gun possession 554 1.000 0 1.000 .247 .432 1.175 -.622 
Theft x Group 554 1.000 0 1.000 .125 .331 2.280 3.211 
Aggravated assault x 
Group 554 1.000 0 1.000 .126 .333 2.255 3.098 
Indecent exposure x 
Group 554 1.000 0 1.000 .128 .335 2.231 2.988 
Gun possession x Group 554 1.000 0 1.000 .123 .328 2.306 3.328 
Height 538 2.210 4.790 7.000 5.525 .341 .524 .282 
Weight 526 249.000 71.000 320.000 155.823 38.542 1.030 1.672 
Bystander training 547 1.000 0 1.000 .373 .484 .527 -1.729 
Procedural justice 531 22.000 10.000 32.000 25.350 3.598 .134 .543 
Distributive fairness 537 8.000 4.000 12.000 9.728 1.832 -.450 -.662 
Legitimacy 545 6.000 6.000 12.000 9.593 1.364 .398 -.198 







Table III. Descriptive Statistics for Study Variables Guster College 
Variable N Range Min Max Mean SD Kurtosis Skewness 
Age 81 21.000 18.000 39.000 22.790 3.895 1.693 3.540 
Sex 82 1.000 0 1.000 .340 .477 .681 -1.575 
Non-White 81 1.000 0 1.000 .593 .494 -.384 -1.900 
Victimization 82 1.000 0 1.000 .476 .502 .100 -2.040 
High religiosity 81 1.000 0 1.000 .161 .369 1.885 1.592 
Social desirability 74 10.000 0 10.000 5.635 2.385 -.263 -.275 
Anonymous 82 1.000 0 1.000 .488 .503 .050 -2.048 
Group 82 1.000 0 1.000 .488 .503 .050 -2.048 
Theft 82 1.000 0 1.000 .293 .458 .928 -1.167 
Aggravated assault 82 1.000 0 1.000 .281 .452 .996 -1.035 
Indecent exposure 82 1.000 0 1.000 .232 .425 1.296 -.330 
Gun possession 82 1.000 0 1.000 .195 .399 1.567 .468 
Theft x Group 82 1.000 0 1.000 .146 .356 2.039 2.209 
Aggravated assault x 
Group 82 1.000 0 1.000 .134 .343 2.187 2.853 
Indecent exposure x Group 82 1.000 0 1.000 .110 .315 2.544 4.581 
Gun possession x Group 82 1.000 0 1.000 .098 .299 2.763 5.777 
Height 74 1.750 4.830 6.580 5.557 .350 .454 .018 
Weight 73 162.000 98.000 260.000 146.616 32.048 1.116 1.933 
Bystander training 81 1.000 0 1.000 .173 .380 1.763 1.137 
Procedural justice 67 21.000 11.000 32.000 24.373 4.003 -.401 1.571 
Distributive fairness 69 8.000 4.000 12.000 9.029 1.902 -.109 -.693 
Legitimacy 69 9.000 3.000 12.000 8.826 1.465 -1.453 6.811 
Performance 57 24.000 16.000 40.000 30.474 4.567 -.183 1.449 
 
Table IV. Binary Logistic Regression Analyses Predicting Reporting to Public Safety 
Department (Model 1a n =554; Model 1b n =636) 
 Model 1a Model 1b 
Independent Variables B SE Exp(B) B SE Exp(B) 
Constant .178 .562 1.195 .040 .534 1.040 
Age -.009 .023 .991 .002 .022 1.001 
Male .156 .189 1.169 .116 .177 1.128 
Non-White -.485* .229 .615 -.474* .207 .623 
Victimization  .290 .190 1.337 .255 .176 1.295 
High religiosity -.014 .219 .986 -.047 .207 .946 
Social desirability .139** .046 1.149 .132** .042 1.139 
  
Average -2 Log Likelihood         691.037                                        793.599 
Average Nagelkerke R2                      .036                                             .035 
Average Cox & Snell R2                    .026                                             .025 





Table V. Binary Logistic Regression Analyses Predicting Reporting to Public Safety 
Department (Model 2a n =554; Model 2b n =636)5 
 Model 2a Model 2b 
Independent Variables B SE Exp(B) B SE Exp(B) 
Constant -1.031 .662 .357 -1.031 .662 .357 
Procedural justice .068** .026 1.071 .068** .026 1.071 
Guster College     -3.870 2.070 .021 
Guster College x Procedural 
justice 
   .173* .089 1.189 
  
Average -2 Log Likelihood         698.525                                     786.741 
Average Nagelkerke R2                      .018                                           .049 
Average Cox & Snell R2                    .013                                           .035 
*p ≤ .05. **p ≤ .01. ***p ≤ .001.    
	  
Table VI. Binary Logistic Regression Analyses Predicting Reporting to Public Safety 
Department (Model 3a n =554; Model 3b n =636)6 
 Model 3a Model 3b 
Independent Variables B SE Exp(B) B SE Exp(B) 
Constant -1.601* .736 .202 -1.984** .666 .137 
Procedural justice .031 .034 1.031 .061 .033 1.063 
Legitimacy .160 .090 1.173 .123 .086 1.131 
  
Average -2 Log Likelihood     695.212                                         791.231 
Average Nagelkerke R2                  .026                                               .040 
Average Cox & Snell R2                .019                                               .028 












	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  
5 I included an interaction term for Guster College and the procedural justice variable as well as a Guster 
College dummy variable. While the Guster College dummy variable was not significant, there was a 
significant impact of the interaction term between Guster College and the procedural justice variable. As a 
result, Model 2b includes both the dummy variable and the interaction term.	  
6 I included interaction terms for the added independent variables with significant differences between 
Guster College and Spencer College as well as a Guster College dummy variable. None of these variables 




Table VII. OLS Regression Analyses Predicting Legitimacy Ratings of Public Safety 
Department (Model 4a n =554; Model 4b n =636)7 
 Model 4a Model 4b 
Independent Variables B SE β B SE β 
Constant .617 .415  .628 .401  
Age -.011 .010 -.033 -.010 .010 -.027 
Male .038 .076 .014 .081 .076 .028 
Non-White -.177* .089 -.055 -.097 .086 -.030 
Victimization  .023 .077 .008 -.017 .075 -.006 
High religiosity .261** .089 .082 .219** .087 .065 
Social desirability .009 .019 .013 -.003 .018 -.004 
Performance .209*** .013 .589 .193*** .013 .554 
Distributive fairness -.018 .025 -.024 -.021 .024 -.028 
Procedural justice .102*** .015 .268 .122*** .014 .322 
  
Average R2                                          .624                                            .638 
Adjusted R2                                         .618                                            .633 

























	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  
7 I included interaction terms for the added independent variables with significant differences between 
Guster College and Spencer College as well as a Guster College dummy variable. None of these variables 




Table VIII. Binary Logistic Regression Analyses Predicting Reporting to Public Safety 
Department (Model 5a n =554; Model 5b n =636)8 
 Model 5a Model 5b 
Independent Variables B SE Exp(B) B SE Exp(B) 
Constant -.979 .645 .376 -1.161 .615 .313 
Age -.007 .024 .993 .007 .022 1.007 
Male .154 .198 1.166 .134 .184 1.144 
Non-White -.467* .239 .627 -.431* .213 .650 
Victimization  .313 .199 1.368 .311 .183 1.365 
High religiosity .011 .228 1.012 -.018 .214 .982 
Social desirability .149** .049 1.161 .142** .044 1.153 
Anonymous .334 .191 1.396 .325 .177 1.384 
Group .501 .353 1.651 .515 .326 1.673 
Aggravated assault 1.456*** .385 4.290 1.466*** .358 4.331 
Indecent exposure .330 .352 1.391 .340 .327 1.404 
Gun possession 1.636*** .393 5.135 1.591*** .371 4.906 
Aggravated assault x 
Group -.591 .543 .554 -.900 .497 .407 
Indecent exposure x 
Group -.144 .503 .866 -.270 .468 .763 
Gun possession x Group -.822 .546 .439 -.952 .511 .386 
  
Average -2 Log Likelihood         651.409                                        754.379 
Average Nagelkerke R2                      .130                                              .116 
Average Cox & Snell R2                    .093                                              .083 

















	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  
8 I included interaction terms for the added independent variables with significant differences between 
Guster College and Spencer College as well as a Guster College dummy variable. None of these variables 




Table IX. Binary Logistic Regression Analyses Predicting Reporting to 
Public Safety Department (Model 6a n =554; Model 6b n =636)9 
  
 Model 6a Model 6b 
Independent Variables B SE β B SE β 
Constant -1.862 .958 .155 -2.418** .883 .089 
Age .002 .024 1.002 .014 .022 1.014 
Male .135 .191 1.145 .089 .179 1.093 
Non-White -.462* .231 .630 -.482* .209 .618 
Victimization  .289 .192 1.335 .257 .178 1.293 
High religiosity -.044 .222 .957 -.102 .210 .903 
Social desirability .120** .048 1.127 .113** .043 1.119 
Distributive fairness .025 .056 1.025 .041 .052 1.042 
Legitimacy .178* .076 1.194 .207** .070 1.230 
  
Average -2 Log Likelihood          683.546                                           779.805 
Average Nagelkerke R2                       .054                                                 .064 
Average Cox & Snell R2                     .039                                                 .046 
*p ≤ .05. **p ≤ .01. ***p ≤ .001.    
	  
Table X. Binary Logistic Regression Analyses Predicting Reporting to Public 
Safety Department (Model 7a n =554; Model 7b n =636)10 
 
 Model 7a Model 7b 
Independent Variables B SE β B SE β 
Constant -2.088* 1.048 .124 -2.656** .953 .070 
Age .002 .024 1.002 .015 .022 1.015 
Male .131 .191 1.140 .089 .179 1.093 
Non-White -.471* .232 .624 -.491* .210 .612 
Victimization  .285 .192 1.330 .247 .179 1.280 
High religiosity -.034 .223 .967 -.097 .211 .908 
Social desirability .118** .048 1.126 .110** .044 1.117 
Distributive fairness .017 .058 1.018 .032 .054 1.032 
Legitimacy .136 .110 1.145 .157 .101 1.171 
Performance .022 .041 1.022 .025 .037 1.025 
  
Average -2 Log Likelihood        683.100                                           779.025 
Average Nagelkerke R2                     .056                                                 .065 
Average Cox & Snell R2                   .040                                                 .047 
*p ≤ .05. **p ≤ .01. ***p ≤ .001.    
	  
	  
	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  
9 I included interaction terms for the added independent variables with significant differences between 
Guster College and Spencer College as well as a Guster College dummy variable. None of these variables 
were significant in the multivariate analyses and I dropped them from the table and Model 6b. 
10 I included an interaction term for Guster College and the performance variable as well as a Guster 
College dummy variable. Neither of these variables was significant in the multivariate analyses and I 




Table XI. Binary Logistic Regression Analyses Predicting Reporting to Public Safety 
Department (Model 8a n =554; Model 8b n =636)11 
 Model 8a Model 8b 
Independent Variables B SE Exp(B) B SE Exp(B) 
Constant -.652 2.443 .521 -.605 2.264 .546 
Age -.002 .025 .998 .019 .023 1.019 
Male .235 .282 1.265 .298 .259 1.348 
Non-White -.502* .247 .605 -.525* .224 .592 
Victimization  .242 .205 1.274 .254 .190 1.289 
High religiosity -.007 .232 .994 -.064 .219 .938 
Social desirability .131** .050 1.140 .122** .045 1.130 
Anonymous .331 .194 1.392 .317 .180 1.373 
Group .598 .358 1.818 .587 .331 1.799 
Aggravated assault 1.509*** .391 4.521 1.498*** .364 4.473 
Indecent exposure .425 .358 1.529 .430 .335 1.537 
Gun possession 1.690*** .397 5.419 1.632*** .374 5.116 
Aggravated assault x 
Group -.740 .551 .477 -1.005* .505 .366 
Indecent exposure x 
Group -.245 .511 .783 -.362 .478 .697 
Gun possession x 
Group -.909 .551 .403 -1.016* .517 .362 
Height -.526 .452 .591 -.609 .417 .544 
Weight .004 .003 1.004 .003 .003 1.003 
Bystander training .167 .208 1.182 .150 .194 1.161 
Distributive fairness .011 .059 1.011 .025 .054 1.025 
Legitimacy .182* .080 1.199 .210** .073 1.234 
  
Average -2 Log Likelihood     642.362                                           739.638 
Average Nagelkerke R2                  .150                                                .145 
Average Cox & Snell R2                .108                                                .104 












	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  
11 I included interaction terms for Guster College and bystander training as well as a Guster College 
dummy variable. Neither of these variables was significant in the multivariate analyses and I dropped them 




Table XII. Binary Logistic Regression Analyses Predicting Reporting to Public Safety 
Department (Model 9a n =554; Model 9b n =636) 
 Model 9a Model 9b 
Independent Variables B SE Exp(B) B SE Exp(B) 
Constant -.940 2.499 .391 -.886 2.294 .412 
Age -.001 .025 .999 .019 .023 1.019 
Male .227 .283 1.255 .296 .259 1.344 
Non-White -.510* .248 .600 -.534* .225 .586 
Victimization  .237 .205 1.268 .241 .191 1.272 
High religiosity .005 .234 1.005 -.058 .219 .944 
Social desirability .130** .050 1.138 .120** .046 1.127 
Anonymous .334 .194 1.397 .325 .180 1.383 
Group .612 .359 1.844 .604 .332 1.829 
Aggravated assault 1.497*** .391 4.468 1.483*** .364 4.406 
Indecent exposure .427 .359 1.533 .439 .335 1.551 
Gun possession 1.701*** .397 5.478 1.645*** .375 5.180 
Aggravated assault x 
Group -.739 .551 .478 -.992* .505 .371 
Indecent exposure x 
Group -.260 .512 .771 -.387 .480 .679 
Gun possession x 
Group -.933 .553 .393 -1.039* .518 .354 
Height -.519 .453 .595 -.609 .418 .544 
Weight .004 .003 1.004 .003 .003 1.003 
Bystander training .168 .208 1.183 .150 .194 1.162 
Legitimacy .003 .061 1.003 .015 .056 1.015 
Distributive fairness .137 .115 1.147 .156 .106 1.168 
Performance .023 .043 1.023 .028 .039 1.028 
  
Average -2 Log Likelihood     641.915                                           738.772 
Average Nagelkerke R2                  .151                                                .146 
Average Cox & Snell R2                .109                                                .105 

















Table XIII. Binary Logistic Regression Analyses Predicting Reporting to Public Safety 
Department, CPD, or Library Staff (Model 10a n =554; Model 10b n =636)12 
 Model 10a Model 10b 
Independent 
Variables 
B SE Exp(B) B SE Exp(B) 
Constant -.315 2.803 .730 .501 2.573 1.650 
Age .010 .031 1.011 .013 .028 1.013 
Male -.117 .336 .890 .001 .310 1.001 
Non-White -.728* .326 .483 -.584* .287 .558 
Victimization  .446 .246 1.562 .466* .228 1.594 
High religiosity .173 .286 1.188 .188 .270 1.206 
Social desirability .133* .059 1.143 .114* .053 1.120 
Anonymous .438 .237 1.550 .471* .219 1.601 
Group .234 .392 1.264 .035 .366 1.036 
Aggravated assault 1.563** .510 4.775 1.411** .475 4.098 
Indecent exposure .763 .424 2.146 .461 .391 1.585 
Gun possession 1.847*** .542 6.339 1.588*** .500 4.896 
Aggravated assault x 
Group -.827 .680 .437 -.571 .634 .565 
Indecent exposure x 
Group -.646 .588 .524 -.283 .545 .753 
Gun possession x 
Group -.963 .711 .382 -.784 .653 .457 
Height -.016 .540 .984 -.143 .498 .867 
Weight .002 .004 1.002 .001 .004 1.001 
Bystander training -.022 .251 .978 -.024 .234 .976 
  
Average -2 Log Likelihood     474.454                                          549.629 
Average Nagelkerke R2                  .122                                               .065 
Average Cox & Snell R2                .074                                               .106 













	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  
12	  I included interaction terms for the all the independent variables with significant differences between 
Guster College and Spencer College as well as a Guster College dummy variable. None of these variables 
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